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Abstract. We improve the efficiency of Sampath’s diagnoser ap-y3;, its initial statex, and its transition se’ = {(z1,...,2n) >
Wi, xh) | Vi € 1. .n,x 5 xb € Ty}, is defined as the

and diagnoser in terms of BDDs. We show promising results on te
cases derived from a telecommunication application.

proach by exploiting compact symbolic representations of the systeg /

ynchronous composition of the component models. Its symbolic
representation i§s = (b°,b%,b”, X, ., Su, 55, 20, T), Where

b = U b, 0K = U X, X = AL XS, mo = A 20, and

1 INTRODUCTION T = A, T;. The latter conjunction implements strong synchronisa-

tion by guaranteeing that the event variables, which are shared across

A well-known approach to the diagnosis of discrete-event systemgomponents, have consistent values.

compiles, off-line, a centralised system model into another finite  For example, consider the global model depicted in Figure 1: let
state machine, called diagnoser, which efficiently maps observations, c(y,) = b7 A b3 A bg, enc(z1) = b7 A b A b andenc(zh) =

to possible failures [2]. While this approach exhibits excellent ON-157 \ b2 A b%' denote the encoding of event, and states:; and
2 3 )

line performance, the space required by the centralised model, let tivelv. The t i uy then b ded
alone that required by the diagnoser, constitutes a major problent.2 respeclively. The rans/| lomldEDcchg canb en be (tangcf) e tis
We aim to avoid this problem by representing and computing Sam‘-mc(xl) A enc(u) A enc(zs), an can be generated from the

path's diagnoser [2] symbolically, using compact representations Oglswnctlon of all transitions which represents the component.

boolean function®™ — B as binary decision diagrams (BDDs) [1].

Starting from a symbolic representation of the system component§ ABSTRACTED MODEL

in terms of BDDs, we compute the corresponding global model, abTo speed up the computation of the diagnoser, we first abstract the
stract this model and retrieve the symbolic diagnoser using symboliglobal model, noting that the diagnoser does not depend on unobserv-
algorithms. The next 3 sections formally define these models angble events which are not failures, on the order of successive failures,
give their symbolic representation. Their symbolic computation pre-and on the global states encountered within a sequence of unobserv-
sented in the full paper [4], to which we refer for details. able events. The abstracted model consists only of those states that
are the origin or target of an observable transition (and of the initial
state). It has two types of transitions: (1) the observable transitions
of the global model, and (2) the failure transitions, each of which is

2 COMPONENT AND GLOBAL MODELS

Let Gi = (X4, %0, %, 57, w0,,T3), i € {1,...,n}, be a com- labelled with asetof failure events that has occurred on some path
ponent model characterised by its stalés= {z1,,...,xm,}, its  from the transition's origin state to its target state (see Fig. 1).
eventst = {o1,...,0,} Which are observable’),) or unobserv- The abstracted model & = (X, X,, I, 2o, To, Tr): the states

able (£,,), its failure eventss; C ¥, its initial statexo,, and its  areX = {zo} U{z € X | 3o € 5,32’ € X stz 5 &' €

transition relatioril; C X; x ¥ x X;. For simplicity of the presen- T orz’ % 2 ¢ T}, the failure labels aréd — 2%f, the observable
tation and without loss of generality, we assume that all componentgansitions ard, = {z % 2’ € T | 0 € £, Az, 2’ € X}, and the
share the same event gt The thesis [3] shows how to handle failure transitionsTy C X x F

) CX xFx X are defined as follows:
events that are local to components. Symbolically, each component

is encoded d&sG; = (b5, 6% b7, X;, 50,50, 5, 20,, T5), {z1 5 x| (Iz,2" € X, 30,0’ € 5, such that

where b* = {b7,,.. <+ Dfiog, m;1;} are the state vari- (x1=700rz > 21 € fo) andz;, L 2 c ’T“0)7
ables, v = {bi”;,..., ’ffogQ ;) are the target variables, and(do1...0% € Xy, 32 ... 2x—1 € X such that
b2 = {b7,.. -+ bf10g, p1 } @re the event variablesy; is the boolean Vi=1...k,x; SES zjr1 €T

function overd;® characterising the states],, ¥, and X, are ando; € liff o; € 3f)}

the boolean functions ovéf” characterising the observable, unob-
servable, and failure eventsy, is the boolean function ovelr;,*
characterising the initial state, afd is the boolean function over
bX Ub” UbX characterising the transition relation. _
The global model? = (X, %,, %, ¥y, 20, T) with its state set failure transition labels irf". There is a one to one correspondence
X, its sets of observable, unobservable and failure events, and  between failure events and these variables. A failure transition label
is encoded as a conjunction of literals ob&rwhose signs depend on
! Computer Sciences Laboratory, The Australian National University Na-whether the corresponding failure belongs to the label. For instance,
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2 We give identical names to sets and to the corresponding boolean functiontsr,]e failure label{f1} of the a@tracted model shown in Figure 1 is

e.g9.X,, X, etc. This should not cause confusion. encoded asnc({f1}) = b/ Ab].

Symbolically, G = (v*,6X 0™, b", X, 5, F, 20, To, Tr) is
encoded using the same boolean variables as the global model and
an additional| X ;| variablesb” = {b, .. .,blfzf‘} needed for the




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

In this example, there are 9 observable events, 11 failure types,
and 8 other unobservable events. The switch model has 12 states and
18 transitions, the primary control station 13 states and 15 transi-
tions and the backup control station 19 states and 28 transitions. This

02

- w D 02 yields a global model of 1062 states and 2911 transitions. To observe
6] " @ how the two approaches scale, we considered “lighter” versions of
ikl ‘4{ X6.{f1. 2 the example, where groups of failure types are fusioned. This yields

) . . 5 versionsV; . .. Vs, with a number of failure types ranging from 3

Figure 1. Global model (top) and its abstraction (bottom). . . . L
Sy = {ur}, By = {f1, fo}, B0 = {01, 02} to 11. Table 1 depicts the version’s diagnoser properties and its size.

4 DIAGNOSER Table 1 Diagnoser properties
Vi Va2 V3 Vg4 Vs

A diagnoser is a deterministic finite state machine whose transitions
correspond to observations and whose states correspond to the s
tem states and failures that are consistent with the observations. M
explicitly, its transitions are labelled with observable events, and its
states are labelled with sets of pats () denoting a state and a fail-
ure label of the abstracted model. On-line, the diagnoser efficiently
maps observations to the possible system states and failures: it suf- The superiority of the symbolic method increases with the model
fices to follow the path labelled by the actual observations and looleiZe, and exceeds an order of magnitude for the largest version. From
up the label of the resulting diagnoser state. the resylts, it can be conjectured that t_he space requirements of the
LetV = {Zo}U{a’ € X |30 € S0, 3z € X stz %o ¢ i} symbolic approach for large models will qﬁen or_lly represent a ne-
be the set of target states of observable transitions. The diagnoser§i€ctable portion of those of the enumerative setting. In [4], we make
G = (X1, S, 70, R, T), WhereX = {i1,...,2,} is the set of asm_nlar observation ab_out_the time needed to generate the d_|agnoser.
~ It is also worth mentioning that the symbolic representation ap-

diagnoser stated] = V x F is the set of pairs that can belong to . . :
diagnoser state labels, is the initial diagnoser statd C X x I1 pears to preserve the real-time property of the diagnoser for on-line
- iagnosis: there was little variation in diagnosis time across the dif-

'S the diagnoser state labelling relation which associates a state Egrent example versions and the time taken to treat 1000 observations
the pairs in its label and verifieB(z9) = {(z0,0)} (by abuse of P

notation, we use the function notatiét(:) for the label of state), never exceeded 100 ms.

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

verify: & % &' e T iff 6 CONCLUSION AND FUTURE WORK

R(#") = {(W', 1) | 3(v,1) € R(#) such that We haye pre;ented a symbolic framework based on BDDs for the di-
eitherv % o' € T, andl’ = I, agnosis of discrete-event systems. It enables the synthesis of a sym-
v ~ o ~ bolic version of Sampath’s diagnoser [2], while requiring consider-
orJv — v"” € Tr and” =o' € T, andl’ = 1U 1"} ably lower space and time than the enumerative approach. This re-
G = %65, b5, 6% b=, bF, X, 11,5, 4., B, T) is the sym-  Sults from the fact that BDDs are suitable to compactly represent the
bolic diagnoser. It is encoded using the same boolean variabldg'ge sets of system states and failures labelling the diagnoser states.
as the abstracted model, with an additiomdlog, q] variables Our framework is not Ii.mited to fault diggno;is using.Qiagnosers.
bS = (B3, b0, .1} and b = (b5, s, .1} needed to In [3], we also give algorithms for checking diagnosability, as well

encode the diagnoser states. A complication here is that the numbefS fault diagnosis algorithms based on all the models presented here.
(?éjr research agenda includes improving our results by experiment-

q of diagnoser states, and therefore the number of variables needed, - ) . . s ) -
_ I ~ ing with alternative encodings described in [3], dedicated heuris-
a priori unknown. In the worst casg= 2'""! and therefore|V|| F| 3 . ;
X . ) A tics for variable ordering. We also plan to extend our framework to
new variables are theoretically needed. However, in pracjiedll

. ) . . stochastic system diagnosis using algebraic decision diagrams (see
be much smaller and introducing that many variables will lead to an . . - .
. ! ) . e.g. [5]). Finally, we shall investigate the use of symbolic representa-
unnecessarily costly representation. To remedy this, we start with ong > . . . -
. . S . tion in the context of decentralised diagnosis.
single variable to encode the initial diagnoser state, and continually

increase the number of variables, as needed during execution. Evep\{
time a new variableé; is needed, we update all BDDs containing EFERENCES
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