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Abstract

We presenta concept to signi c antly advane the state of the art for boundel
model checking (BMC) and inductive veri ¢ ation (IV) of hybrid discrete-omntinuous
systems. Our approach combines the expertise of partners coming from di er ent
domains, like hybrid systemsmodeling and digital circuit veri c ation, bounded plan-
ning and heuristic search, combinatorial optimization and integer programming. Af-
ter sketchingthe ovenrall veri c ation ow we present rst resultsindicating that the
combination and tight integration of di er ent veri c ation enginesis a rst stepto
pave the way to fully automated BMC and IV of medium to large-sale networks of
hybrid automata.

Keyw ords: Hybrid Systemveri cation, Bounded model cheding, Inductive veri ca-
tion, Veri cation engines

1 Intro duction

Many embeddedsystemsoperate within or even comprisecoupled networks of both dis-
crete and cortinuous componerts. The behavior of sud hybrid discrete-cotinuous sys-
tems cannot be fully understood without explicitly modeling the interaction of discrete
and cortinuous dynamics. Tools for building sud models and for simulating their dy-
namics are commercially available, e.g. Simulink with the State ow extension[1, 2] or
Statemate magnum with the VisSim extension[3]. Simulation is, howewer, inherertly
incomplete and hasto be complemened by veri cation, which amourts to shawing that
the coupleddynamics of the enbeddedsystemand its environmernt is well-behaved, e.g.
that it may newer readh an undesirablestate or that it will cornvergeto a desirablestate,
regardlessof the actual disturbance. Unfortunately, theoriesand tool support for verify-
ing hybrid systemsare not yet mature. Recen industrial trials, e.g. performedby Ford
in the cortext of the Mobiesinitiativ €', indicate that current veri cation tools fall short
with respectto both the dimensionality of the cortinuousstate spacesand the sizeof the
discrete state spaceghey can handle.

IMobies phase1 tool evaluation report, Mobies project, July 2002



On the other hand, during the last ten years, formal veri cation of digital systems
has ewlved from an academicsubject to an approad acceptedby the industry, with
dozensof commercialtools now available and usedby major companies.Among the most
successfumethodsin formal veri cation of discretesystemsare BoundedModel Chedking
(BMC) and Inductive Veri cation (IV) [11, 19 10, 12, 26, 30]. In general, BMC, i.e.,
cheing propertieson nite unravellings of the transition relation, and IV, i.e., verifying
invariance of properties under nite composition of the transition relation, provide only
approximate analyzesof the systemsconsidered. On the other hand, both veri cation
methods using BDD basedaswell asresolution basedpropositional satis abilit y chedkers
have beensuccessfullyapplied to very large discrete-statesystemsthat are infeasiblefor
proof enginesbasedon complete methods. As mertioned above, similar technology for
hybrid systemsis still in its infancy. In generalwe obsere a large gap betweenthe systems
that can be speci ed and thosethat can be veri ed.

Basedon theseobsenations, the German Researb Council (DFG) approved the Tran-
sregionalCollaborative researt certer AVACS (Automatic Veri cation and Analysis of
Complex Systems;www.avacs.org) betweenthe Universitiesof Oldenburg, Freiburg and
Saarbricken, and the Max-Plandk-Institut fer Informatik Saarbricken. Researbersfrom
Tednical University of Denmark, Kgs. Lyngby (Denmark) and Eidgemnessisbe Ted-
nische Hochsdule Zerich (Switzerland) are involved as assaiated partners. The AVACS
project consistsof three project areas: system-leel veri cation (project areaS); veri ca-
tion of real-time systems(project areaR), and veri cation of hybrid systems(project area
H). The technology descriked in this paper correspndsto the sub-prgect H2 in project
areaH, which is oneof four sub-prgectsin this project area. The other three sub-prgects
are concernedwith: deduction and automata basedapproates(H1), automatic abstrac-
tion (H3) and hybrid systemstability (H4). The sub-prgect H2 setsout to advancethe
state of the art in BMC and IV for hybrid systemsby enhancemeh of sewral existing
veri cation methods for the hybrid domain and dewelopmen of novel ones. Moreover,
we combine stand-alonemethods into a tightly integrated framework. This will nally
result in a platform including translators, tightly integrated SAT enginesand selection
heuristics thereby making feasiblethe veri cation of medium to large scalenetworks of
hybrid automata.

In this paper we describe the concepthow we plan to adcieve theseaims and on the
other hand alsogive rst resultsto shav that our approad is very promising.

The remainder of the paper is structured as follows: In Sec.2 we give the overall
veri cation ow and in particular discussbasicproceduresnecessaryor the dewvelopmert
of the platform. Combining the expertise of partners comingfrom di erent domains,like
hybrid systemsmodeling and digital circuit veri cation, boundedplanning and heuristic
seard, combinatorial optimization and integerprogramming, essetial milestonestowards
our overall goalsare compilation technolayy necessaryfor translating the hybrid system
and the veri c ation gaal into SAT representations(Sec.3) and incrementalintegration of
DPLL, boundel planning and LP proceduresinto a solverfor many-sortel logics (Sec.4).
In Sec.5 we presen rst results indicating that the conbination and tight integration
of di erent veri cation enginesis a promising approad. We sketch the relation between
and combination of \classical" ILP solversand BDD basedILP solwers. The conceptof
a pseudo-BmleanDPLL (Davis-Putnam-Loveland-Logemann)solver and its combination
with (MILP is discussedn 5.1. Finally we summarizeand draw someconclusions.

2 Goals and Requiremen ts

We aim at advancing scalability of BMC and IV for large hybrid veri cation problems.
The rst step towards this goal is the translation of the system description from the
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Figure 1. Flow of BMC/IV for hybrid systems

hybrid discrete-cotinuous domain into a combined SAT/LP instance. Then, our target

is the tight integration of di erent veri cation and analysistechniquesfor satis abilit y

and optimization problemsin order to combine their virtues. The overall veri cation ow

is depictedin 1. (Details on the seweral componerts are givenin the following sections.)
Basic proceduresusedto realizethis conceptare:

Linear programming is well-suitedfor dealingwith constar di erential inclusionsbut
does not cover piecewiseconstart di erential inclusionsor discrete-cotinuous in-
teraction.

Resolution based prop ositional satis abilit y checking e cien tly tacklescortrol as-
pects of discretemodels but falls short on, e.g., integer arithmetic.

Integer linear programming is much better on discrete arithmetic facts (whenewer
they fall into its domain), but not the predominart choicefor the cortrol part.

Heuristic search is a method for rapidly nding satisfying valuations in complex do-
mains.

Binary decision diagrams are data structures that can represem the complete proof
tree. For instance, they are capable of automatically constructing invariants of
discretecomponerts, a prerequisitefor e cien t automatic inductive veri cation.

A tight integration of such heterogeneousomputational procedureswill provide a major
breakthroughin the performanceof veri cation enginesfor hybrid systems,aswitnessed
by existing, lessambitious, conbinations, e.g. the linear programming basedand reso-
lution basedplanner LPSAT [33] or satis abilit y enginesdedicated to bounded model
chedking of timed automata [5, 28].

Our long-term vision is to provide a completeworkbend comprisingtranslators, mul-
tiple tightly integrated satis abilit y engines,and selectionheuristics invoking these sud
that BMC and IV canbefully automatedfor mediumto large-scalenetworks of hybrid au-
tomata. This will in particular involve an extensionof the many-sorted propositional sat-
is abilit y proceduresphaseto rst-order logics,together with methods for (approximate
and thus computationally cheap)quanti er elimination facilitating automatic abstraction
re nement.

3 Translation and Backtranslation

We addressthe translation of hybrid systemsmodeled as interacting hybrid automata
into satis abilit y problems. In industrial practice, hybrid systemsare frequertly modeled
as highly concurrent compositions of heterogeneousignal transducers. Instrumental to
breakthroughin the scalability of push-button veri cation methods for sud systemsis to

1. avoid blow-up whentranslating sud descriptionsinto a predicative format suitable
for symbolic model cheding,

2. nd suitable encdalings for di erent typesof componerts sud that e cient SAT
solving procedurescan be applied.



We cortribute to the state of the art in this domain by exploiting the formal semairtics
of interacting hybrid automata for providing encalings of componert and interface dy-
namicsin various logical languages,and verifying their correspndencewith the formal
semairtics. Depending on the type of componert, sud encalings may involve just one of
the aforemenioned formalisms(e.g. a propositional formula in caseof pure cortrol logic)
or a conjunction of di erent encalings with somecommonvariables(e.g. a propositional
formula plus an MILP cortaining somezero-onevariables).

A novel technique to be explored is the idea of redundant enadings where abstrac-
tions of di erent delity coexist in a satis abilit y problem. While this may appear to
just introduce overheadin the encaling, asthe tightest overapprokimation appearingin
the satis abilit y problem subsumesall constrairts arising from the laxer approximations,
it is bene cial in a satis abilit y seardr basedon combined engines. The most expensive
operation within a conbined satis abilit y solver (e.g.,a DPLL basedpropositional SAT
procedure combined with a linear programming padage) is the hand-over betweenthe
two procedures.An instanceof a (potertially) usefulredundart encaling is a nite-state
overappraimation of cortinuous dynamicsin addition to an LP-based cortinuous-state
represemation. In this case,the DPLL proceduremay perform inferencesand refute ex-
istence of certain traces without hand-over to the LP padkage; the latter will only be
gueriedwhen the discrete appraximation turns out to be insu cien t. Similar savings on
hand-over cost can be expected between other satis abilit y componerts. With consis-
tent use of sud \redundant" encdalings, it may be possibleto conbine even expensive
(semi-)decisionprocedures,like quarti er elimination for elemenary geometry or o w-
pipe appraximations for ordinary di erential equations, into a heterogeneouslecision
procedurefor hybrid systems,as these expensive procedureswould rarely be activated.
To the best of our knowledge, sud a technique has not yet beenimplemerted. In its
full generality, i.e. including above-menioned expensiwe analysisproceduresand activat-
ing thesewheneer knowledgeon the coarserlevelsturns out to be insu cien t, it could
provide a viable alternative to abstraction re nement, where re nement is substituted
by conict analysis(in a subordinated decisionprocedure) and learning (in the calling
procedure).

Giventhis kind of translation, the solversdescritedin Section4 are processinga piece-
wise linear overappraximation of the actual hybrid system. As a consequencean error
trace identi ed by the solver is inherertly approximate. To \backtranslate" this informa-
tion into valid error tracesof the actual systemis a non-trivial task. This problemwill be
reducedto a sequencef seard problems,wherethe seard spaceis the spaceof valuesof
the input variablesfor onestate transition. For ead sud state transition, goal conditions
are generatedfrom the valuesin the abstract error trace, which are tried to be reated
using local seart methods. The ideais to seart in the transition systemgiven by the
automaton to be cheded, starting in the initial state of the attacked seard problem, and
using solutions to a relaxed version of the problem as a measureof the distanceto the
neareststate ful lling the goal condition. Seart can then prefer states that appear to
be closerto the goal. Tedniquesof this kind have beenapplied very successfullyin the
cortext of planning [14, 24, 23.

4 Core Technology: Tightly Integrated Solvers

This section provides an overview on the solversthat perform the actual veri cation on
the data translated from the hybrid domain by the methods described above. The core of
the approad is the DPLL-style satis abilit y engine,which invokesfurther routines, suc
asILP, whenneeded.The DPLL solver coreis discussedext, followed by a description
of how ILP methods can be tted to the hybrid systemveri cation ervironment. Some
thoughts on the tight integration concludethis section.



4.1 DPLL solver

In both BMC and IV, the main reasoningis done by deciding satis abilit y problems. In
our cortext theseare heterogeneousatis abilit y problems,i.e. problemsthat combine dis-
creteand continuousaspects. The bestcurrently known proceduresto decidesatis abilit y
of discreteproblemsare basedon badtracking in the spaceof partial value assignmets to
the decisionvariables, using constrain propagationto prune seart brancheswhen con-
icts occur. In particular, variations of the Davis-Putnam-Loveland-Logemann(DPLL)
procedure(which propagatethe constrairts given by unit clauses)emain the state of the
art solvers for satis abilit y of Booleanformulae in CNF. Recen results [17, 21], suggest
good transferability of DPLL techniquesto more expressie logics than propositional,
e.g.to pseudo-Bmleanformulae.

Our solver will incorporate all major componerts employed by the state of the art
SAT enginesin the Boolean domain sud as branching heuristics and con ict analysis
and adapt them appropriately for the SAT/LP instancesunder consideration. We also
will dewelop techniquesthat take the structure of the problem description into accourt
(similar to structural SAT for CNF or ATPG for digital circuits). To t the needsof
boundedmodel chedking and inductive veri cation the solver will be designedto work in
an incremenal fashionin the sensethat it allows to add (as well as delete) successigly
sets of constrains to (from) an existing problem and then redo the satis abilit y chedk
without starting SAT seart from scratch ead time.

4.2 SAT & Planning

Planning is a sub- eld of Arti cial Intelligencewhere, in a declaratively speci ed tran-

sition system, a path { a plan { is sough that leadsfrom the initial con guration to a
state that satis es a goal condition. Evidently, this problem is very similar to the seart

for an error path in model-cheding. First successfubttempts have beenmadeto trans-
port BDD-based model-cheking techniquesinto planning [8, 9]. Just like it is donein

boundedmodel-chedking, a possibleapproad to planning (called boundedplanning) is to

perform (DPLL-style) satis abilit y tests on nite unravellings of the transition relation.
It wasrecerly obsenedin boundedplanning that, within the DPLL solver that doesthe
reasoning,\relaxation-based" branching heuristics can by far outperform the traditional

criticalit y-basedbranching heuristics [22]. Our hope is that the samewill hold true in

the satis abilit y instanceswe will considerin our researt. A relaxation is a simpli ed

version of the transition systemunder consideration. The idea is, during a DPLL-style
seart, to extract a relaxedsolution (an error path in the relaxed system)in ead seard
state (respecting the current seart decisions),and basethe variable selectionon the in-

formation provided by this relaxedsolution. In boundedplanning, the relaxation ignores
certain restrictive aspects of the possiblestate transitions. Similar relaxations can be de-
ned in the conext of model-cheding, e.g. by abstraction techniquesor LP relaxations.
DPLL seart canthen pick one (most critical) variable to branch on that correspndsto
a transition usedby the relaxed solution.

Of course,extracting a relaxedsolution is likely to be more costly than the traditional
criticalit y-basedbranching heuristics, which basically keepcourters of literal occurrences
in clauses. One can experimert with incremertal computation of the relaxed solutions,
with lazy schemesthat extract relaxed solutions only in few seard states, and with
DPLL-style proceduresthat use strong constraint propagation techniques (like, binary
instead of unary resolution) and thus invest more e ort into the single searth nodes
anyway. In bounded planning, the latter option has beentaken, i.e. relaxation-based
branching heuristicshave successfullypeenconmbinedwith arather costly planning-speci ¢
constraint propagation technique [22].



43 LP-SAT

The LP-SAT routine dealswith the satis abilit y of (mixed integer) linear programs. A
new approad to mixed integer satis abilit y (SAT/LP) is introduced by incorporating
BDD techniquesin a branch-and-cut framework. Moreover, the information generatedby
our methods can be usedfor guiding the decisionprocessof the DPLL procedure. The
reasondor inconsistencyof an MILP (which canbe determinedby calculating an infeasible
subsysterj can be employed for pruning the seart spaceof the conbined DPLL/LP
procedure. The e ciency of this pruning approad is closelyconnectedto the conciseness
of the reasonsupplied, i.e. to the minimality of the computed infeasible subsystemof
the MILP. In order to cope with di culties induced by numerical instabilities of an LP
procedure,we incorporate result veri cation techniquesbasedon exact arithmetic.

4.4 Integration

To allow the integration of various kinds of rst-order solverswithin the SAT solver, the
latter will o er a exible and carefully designedinterface which enablesthe interaction
betweenthe di erent engines. The basicidea of the integration itself is to replaceead
non-propositional constrairt in the input formula with a newBooleanvariable and to pass
the correspnding constraint to the mathematical decisionprocedurewheneer the SAT

solver assignghat variable true. The rst-order solver, working under cortrol of the SAT

engine,decidesthe feasibility of the set of constrairts residingin its databasewhen being
called and reports a con ict to the SAT solwer if the conjunction of constraints turns out
to beinconsisten. In the latter caseit derivessu cien tly generalreasondor that con ict

which are comnunicated badk and learned by the SAT solver to avoid repeated failure
due to thesereasonsin future seard.

The integration shemesketched above is eagerin the sensethat the rst order solver
is invoked after ead assignmenh of a Boolean variable referring to a non-propositional
constraint. As an alternative we will also considermore lazy schemeswhich postpone
certain invocations of the rst-order solwer, thereby avoiding the computational overhead
inducedby frequert hand-oversbetweenthe di erent engines.The designof heuristicsfor
how ne-granular the interleaving shouldbe will requirea carefultheoretical and empirical
investigation of the trade-o betweenfrequert cate invalidations becauseof ne-granular
interleaving of di erent algorithms on the onehand, and redundart interferencestepsthat
could have beenavoided through early detection of inconsistenciesn another engineif
that enginehad beenactivated more frequertly, on the other hand.

5 First Steps

51 ILP & BDD

A 0/1-ILP problemis given by a matrix A 2 Z™ ", and vectorsb2 Z™ andc2 Z". A
vector x 2 f0; 1g" is looked for, which satis es the constraints Ax b 0 and minimizes
the gaal function g(x) := c"x. BDDs [15] can represen a Booleanfunction f : f0; 1gP !
f0; 1g, Kronedker Multiplicativ e Binary Momert Diagrams (K*BMDs) [16, 20] are an
extensionof BDDs to functions from B to Z. Our approad usesBDDs for represeiting
the constraints and the goal function, and K*BMDs as a vehicle during build-up.



Problem | Divide & Conquer| Binary Seart | Ip_solwe
stein9 0.02s 0.03s 0.01s
steinl5 0.07s 0.04s 0.02s
stein27 2.62s 0.41s 4.59s
stein45 1290.90s 127.85s 355.03s
p0033 0.31s 758.97s 0.32s
p0040 0.10s | 0.03s
bm23 14.19s 30.18s 0.09s

Table 1: Run time comparisonfor ILP+BDD approat

dynamic BDD variable ordering optimization and also have se\eral strategiesregarding
the order in which the conjunction is computed. Finally, we minimize the goal function
¢ (represeted as a K*BMD) without violating the constrairts (given as the BDD of

", i)- We dewloped two alternative approacesfor the latter problem.

The rst method (which is basedon the algorithm from [25] but is adaptedto K*BMDs
instead of EVBDDs) works in a divide-and-conquerfashion. It solvesthe problem (re-
cursively) for both cofactorsof the function and derivesthe global minimum from this
information. The K*BMD and the BDD are traversedsimultaneously

The secondalternative is basedon binary seart. For this method, an upper bound U

and a lower bound L of the minimum are needed. Trivial values(sudch as 0 and sum of
all non-negatiwe coe cien ts of the ILP instance, respectively) can be usedas U and L.
More preferably, someknown algorithm should be usedto determinetighter bounds.
M asa new constraint and
try to nd an assignmen of Xy;:::X, which satis es all constraints (the original onesas
well as the new one) without minimizing any gaal function. If this succeedga solution
(x9;:::x%) hasbeendelivered), then we setthe upper bound U to g(x?;:::x2), otherwise
we set the lower bound L to M + 1. We calculate a new M and solve the problem
formulated above again (with updated new constraint). This is iterated until L and U
assumethe samevalue. The assignmen found in the last iteration solvesthe original ILP
problem.

Table 1 corntains the run times for both our methods in comparisonwith Ip_solwe [7], a
public domain (integer) linear programming solver, on bendimarks from MIPLIB3.0 [13)].
It can be seenthat the divide & conquerapproad is typically either as fast as Ip_solwe
or slower, but not dramatically.? The picture is di erent for binary seard, which seems
to be orthogonal to Ip_solwe. The reasonfor this performancepro le is asfollows: once
all the BDDs are built up, the satis abilit y chedk neededfor the binary seard is trivial
and is done quickly. On the other hand, the build-up of the BDDs is complicated by
adding the new constrairt, which typically dependson all or almost all variables of the
problem in cortrast to most other constrairts. Consequetly, binary seart is e cient
for the instanceswith a goal function having a compactBDD represetation. This is the
casefor the stein problems,which are highly symmetric.

Currently, we implemernt a solver, which combines BDD techniqueswith branch-and-
cut. Preliminary results with this approad are encouraging.

2Note that the implementation of both our methods is in an early prototype stage.



5.2 DPLL-SA T & ILP

To integrate DPLL proof seard with decisionproceduresfor real arithmetic, we have
concertrated on:

1. generalizingaccelerationtechniquesfrom recert satis abilit y enginesfor CNFs to
linear constraint systemsover the Booleans,and

2. coupling the resulting SAT solver with linear programming, resulting in an e -
ciert solver for mixed Boolean-linearproblemsas well as for massiwely disjunctive
(MI)LPs.

The rationale behind step 1 is that rewriting the propositional formulae occurring in
e.g.boundedmodel cheding of discrete-statesystems[11] to CNF requiresa blow-up in
either the formula size(worst-caseexponertial) or in the number of propositional variables
(linear, leadingto a worst-caseexponertial blow-up of the seard space). Theseblow-ups
can be attributed to the low expressienessof conjunctive normal forms, and could be
partially avoided whenusing SAT solving on more conciselogics.

It has previously been obsened that the DPLL procedure generalizessmaoothly to
linear constraint systemsover the Booleans[6, 32, 4]. Sud constraint systemsare expres-
sive enoughto facilitate a linear-sizeencaling of, e.g., gate-lewel netlists without use of
auxiliary variables,thus avoiding the blow-up encourtered upon CNF encaling. We gen-
eralizedthe accelerationtechniqueslike obsenation lists and lazy clauseevaluation [27),
aswell asthe more traditional non-dironologicalbadtracking and learning techniquesto
Davis-Putnam-like resolution proceduresfor linear constrain systemsover the Booleans
[21]. Despite the more expressie input language,the performanceof our prototype im-
plemertation comessurprisingly closeto that of state-of-the-art CNF-SAT engineslike
ZCha [27]. Our algorithm is very closeto that independerly deweloped by Chai and
Kuehlmann [17], yet avoids re-minimization of obsenation-set size upon badktracking.
This provesto be e ective, asour lazy clauseevaluation sdhemeshaows speed-upson arbi-
trary clausetypes[21]], while Chai and Kuehlmann decided,basedon bendimarking their
implemertation, to constrain lazy clauseewaluation to CNF and cardinality clauses(i.e.
linear clauseswhereall literals have weight 1) [1§].

Step (2) is our rst instance of a tight integration of DPLL proof seart with arith-
metic decisionprocedures. Combining linear constrairt systemsover the Booleanswith
(MILPs, the many-sorted logic supported by this integrated solver is actually only
marginally more expressie than MILPs, which can encale Boolean properties as well
as disjunctions of bounded LPs via 0-1-variables. Newertheless,the underlying solver
technology is substartially di erent from traditional LP solvers(e.g., Simplexor interior
point algorithms), sud that their synergisticinteraction is feasible. New techniquesfor
resolvinge.g.the problemsof traditional LP methods on highly symmetric problems|a
standard situation in model-chedking of multi-componert systems|can be implemerted.

Our work on integrating our DPLL-style SAT solver with linear programming padkages
hasrecertly led to a rst operational prototype. In cortrast to the methods from [33, 5,
29, 31], our systemis basedon a SAT solver manipulating a considerablymore concise
logic, namely linear constraint systemsover the Booleansinstead of CNF. Our solver has
beenextendedwith the conceptof Booleanvariablesguarding arithmetic facts® and with
an interfaceto arithmetic decisionproceduresthat allows to incremenally construct and
deconstruct an arithmetic constrairnt systemvia calls to the decision procedure's API.
The solver hasbeencoupledwith library GLPK 4, which providesthe feasibility ched for

3i.e., if such a guard variable is set to true then the corresponding arithmetic fact is conjoinedto an
initially empty arithmetic constraint system
4http:/iwww.gnu.org/software/glpk/glpk.html



(MI)LPs (yet, currertly not the construction of small infeasiblesubsystemsthat can be
handedbadk to the DPLL procedurevia the interface,and usedthere to learn a Boolean
conict). The resulting interaction betweenDPLL proof seart and feasibility ched via
LP is illustrated in Figure 2.

Input formula: Davis Putnam Linear Programming
= (el C~D) %+C+D 2 y
A fl AMNB % +A+B 2
nf_g_e f+g+e 1
~g_f g+f 1
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ANBII (X 4y 7)) e e
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Minimal infeasible subsystem isf A; B;Cg
Solver learns conflict clause A_B _ C

Conflict !

Figure 2: DPLL proof seardr on many-sorted (here: Booleanand cortinuous) problems.
x andy arereal-valued, while e;f ;g and A; B; C; D are Boolean. A; B; C; D are, further-
more, guard variablesfor arithmetic facts.

6 Conclusions

During the last ten years, formal veri cation of digital systemshas ewlved from an
academicsubject to an approad acceptedby the industry, with dozensof commercial
tools now available and usedby major companies.Among the most successfumethodsin
formal veri cation of discretesystemsare BoundedModel Chedking (BMC) and Inductive



Veri cation (V). This is not yet the casefor veri cation of hybrid systems,wherein
generalwe obsene a large gap betweenthe systemsthat can be speci ed and thosethat
can be veri ed.

Our goalis to make BMC and IV applicableto hybrid systemsof realistic sizeand thus
to make thesemethod accessibldor the industry. Our approad is basedon translating
the veri cation problem under considerationinto a Boolean satis abilit y instance en-
riched by numerical information; processingthe problem usingtightly integrated solvers;
and \backtranslating" the error trace into the hybrid domain. Our team combines skills
and competencein sud di erent areasof Computer Scienceas Propositional Satis abil-
ity, (Integer) Linear Programming, Heuristic Seart), and DecisionDiagrams. First results
demonstratethat for someof these elds, incorporating conceptsand ideasfrom other
areascan increasethe e ciency of standard methods. We are con dent that tight inte-
gration in a way that takesthe speci cs of hybrid systemmodeling and veri cation into
account will make this task asfeasibleasformal veri cation of digital systemsis today.
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