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Abstract. We propose a SAT-based algorithm for incremental di- Consider that the observations on a window are denotesiand
agnosis of discrete-event systems. The monotonicity isredsby a  denoted the concatenation of two windows. Note that the concate-
prediction windowthat uses the future observations to lead the cur-nation may be non-trivial in case of uncertain observat[8hsGiven
rent diagnosis. Experiments stress the impact of paramaiaing  the diagnosis 0Obs, given the observatior®bs,, theincremental

on the correctness and the efficiency of the approach. diagnosisis the computation of the diagnosis ©bs, & Obs. The
complexity of the incremental diagnosis Obs, @ Obs;, given the
1 Diagnosis by SAT diagnosis ofObs, must not depend on the size Obs;. It is wise

to perform the diagnosis @bs in such a way as to ease the ID of

Diagnosis is the Al problem of determining whether a systenun- Obs @ Obs. In this case, the complexity of the diagnosisQifs
ning correctly during a time window, and of identifying arajléire must not depend on the size©bs.
otherwise. Consider a system which is completely modelelDES Rather than diagnosing the whole perigg, ¢.), we do an ID and
(basically a finite state machine) denot&tbd. This system is run-  diagnose: windows of size\ (t;+1 = t; + ). Then diagnoses must
ning and generates observations. The goal of the diagreotisde-  be consistent with each other: the path computedfart2) must be
termine from the model and the observations whether fawiyts  a continuation of the path computed 1@, t1). However, when the
occurred on the system. The problem can be reduced to finding p diagnosis ofo, ¢1) is computed, we cannot be sure that the extracted
ticular paths on the DES consistent with the observatiohsS#ice  path will be consistent with the next observations. In dasig, there
failures are rare events, we can consider paths that mieithznum-  is usually a delay between the occurrence of an event andethe r
ber of faults. ception of observations proving this occurrence. Howewés,delay

In [2], we proposed to solve the DES diagnosis problem with sa is generally bounded: it is unlikely an observation will &ip what
isfiability (SAT) algorithms. SAT is the problem of finding assign-  happened several days or weeks ago. Thus, we ensure thattthaf p
ment of the variables of a given Boolean formula in such a way a (¢, 1) is consistent not only with observatio(is, ¢ ) but also with
to make the formula evaluate taie. Given an upper bound on the the observationgt:,¢: + u). This way, the diagnosis for this win-
number of transitions in the paths that are considered, gndi&s  dow should be globally consistent. The period of tithg t1 + p) is
problem — finding a particular path — can be encoded as a SAF pro calledprediction windowof the diagnosis windowto, t1). Note that
lem. The SAT-based algorithm then simply uses SAT solveotlt|  the diagnosis is approximate as the best global path mayshéf Io

for a path with increasing number of faults until a diagnési®und.  includes the early occurrence of many faults.
2 Incremental Diagnosis by SAT Algorithm 1 Incremental Diagnosid{od,Z,0bs,Que,\, )
1: 5(0) := Z(0); I T represents the initial states

Incremental diagnosis (ID) consists in computing the disgs for 2: for i := 04 < n ;i ++ do// Diagnoses the window;, ¢ 1)
a temporal window, and then updating this diagnosis to clemsa 3: while no solution found foxt;, ¢; + ) do

larger temporal window. The incremental diagnosis caneséov 4 for (k := 0: k < K and no solution foundk ++) do
two purposes. First, it is used when the observations forlatier 5: F = Mod(ti,t; + X + p) U Obs(ti, ti + A + p) U
temporal window are not immediately available: a diagnémighe Quer(ti, ti + \) U S(i);

first temporal window is computed, and then must be updatdieas

) s ar : X 6: if SAT(F) is satisfiablehen

ther opservatlons are prowdgd. ThI.S is typlcglly.the dasgn-llne 7: extract _pat h(SAT(F)):
diagnosis, whgre the system is monitored while it is running 8: S(i + 1) := ext r act _st at e(SAT(F));

Second, an mcre_menta_l approach can be used to smpllfy@on o if no solution found for:, ¢; + ) then /I path reset
problem. Given a diagnosis task on a large temporal windwwvin- 10: S(i) =0
dow isslicedinto small windows to obtain simpler diagnosis prob-
lems. In both cases, the complexity of the ID must be independ )
of the previous diagnoses. This paper considers the segpmdach Ve propose Algorithm 1 for the ID dfto, ¢ ). Let K be the max-
where all the observations are available. The on-line probton- ~ 'Mum number of faults that can oceur durui_\glme steps. For each
tains additional issues mostly independant from ID. window (¢;,t; + A), the SAT solver tries to find a path starting from

stateS(7), consistent with the observatioifs;, ¢; + A + p) by in-
! This research was supported by NICTA in the framework of theeBCom  creasing the number of faults (lines 4-8).is the CNF that models

project. NICTA is funded by the Australian Government asespnted by : - .
the Department of Broadband, Communications and the Digitanomy the set of contraints on the path we are looking for. When &b

and the Australian Research Council through the ICT Ceritixoellence  found, the functiorext r act _pat h extracts the path computed dur-
program. ing (t:,t; + A). The functionext r act _st at e computesS(: + 1)




in order to force the next path to be a prolongation of theemtrpath.  est runtime is not achieve with smallest diagnosis windoutsaith
If no path is found starting frons'(¢) for (¢;,¢; + A), the path for ~ medium-large diagnosis windows.
the previous window is not consistent with the new obseowati For
complexity reasons, backtracking is not allowed. The algor sim-
ply tries to find a new path that does not start from the prevjsath
(line 10). We call this gath reset When a path reset is performed,
the path of{to, t,,) is not globally consistent. However for most sys-
tems, it can be expected that the misinterpretation of tsemfations
will be only localised on a small time frame. £
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3 Empirical Validation

b. Nb. of diagnosis faults.

The experiments are conducted on an Intel Pentium 4 PC rgratin ‘ -
3 GHz CPU, under Linux using MiISAT v2.0 [1]. For this study,
we use the system presented in [2]. The maximum number d&faul
K is settol + A/2 in the experiment.
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Table 1. Runtime in seconds of MiI SAT solver on nID satisfiable &. Nb. of calls to M| SaT. 4. Total runtime of MuISaT.
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Table 1 shows the runtime required byMSAT to find a scenario  §|
consistent with the observations and containiign) ~ n /8 faults. g 1o

In this Table,t >2d means that the instance cannot be solved in cm
days. Note that this computation is not a diagnosis in theesémat

500

it should first be proved that there is no path withfaults where o V;,Eﬁi 1
kl < k(n)' WhICh iS usually more eXpenSiVe as these prOblems an 0 ]‘osize;f‘ooflhe;ﬁredictfénwiné%w 0 w0 u‘m 3270 N‘E"f’ofl"o%s%"?vaé%nggo gl‘m m“m
unsatisfiable. Note that the runtime does not increaserlinkat in a e. Total runtime. . Runtime of ID solving.

chaotic way, such as the difference betwees 999 andn = 1000.
We now run Algorithm 1 on the scenario 000 observations Figure 1. Results of our incremental algorithm on nID problems.
by varying the parametex in the range of 2, 5, 10, 20,40} and the
parametey: in the range of0, 10, 20, 30, 40, 50, 100}.
Incremental runtime  Figure 1f shows the evolution of the SAT

Quality of the diagnosis Figure 1la presents the percentage of funtime during the incremental diagnosis for some pgirg.) (other
path resets, and Figure 1b gives the number of faults comfate pairs lead to similar results). The experiments clearlyshdinear
each pair of parameters. These measure the quality of tgeatiss. runtime for most pairs of parameters. Note however that Ispnat
An accurate diagnosis should have no reset and the smailest n diction windows potentially generates picks of computatio
berd(0, 1000) of faults consistent with the observations (this value
is unknown but less thah28). As expected, the number of resets  These results validate our approach. The incremental itiigor
decreases when the size of the prediction window incre&sdisis of DES can be performed using SAT algorithms, and the runtime
example, a valug. = 100 is sufficient to avoid any reset. The Fig- lower than in a non-incremental approach. The resultssstresim-
ure 1b also shows that a large diagnosis window partiallyosvihe  portance of the parameteksand . both for efficiency and for diag-
bad-quality results of small prediction windows thoughéngrates  nosis correctness. These parameters should be testeédeolfefore
a big number of path reset. This is simply because enlargimgize  running the diagnosis to address the quality of diagnosjsired and
of the diagnosis windows makes the incremental diagnosieamad  the resources available.
more look like non incremental diagnosis.
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