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Abstract

This paper preserts experimental results on the performance e®ectof using symbolic
simulation with SAT-based reparametrization within the Counterexample Guided Ab-
straction Re nement framework. Abstraction re nement has beenapplied successfully
to prove safety properties of large industrial circuits. However, all existing abstraction
re nement frameworks simply use SAT-based Bounded Model Chedcking (BMC) to re-
fute the property. The model used for the BMC instance is not abstracted, and thus
is susceptible to the state space explosion problem. We addressthis issue by using a
symbolic simulator with a SAT-based reparametrization algorithm as a replacemert
for BMC within the abstraction re nement framework. The reparametrization is per-
formed as soon as the equations maintained by the symbolic simulator becometoo
large. We discussthe quality of the re nement information that is extracted from the
symbolic simulator.






1 Intro duction

Model cheking [CGP0Q] has becomea widely applied technique that produces
a major enhancemen in circuit designreliability and robustness.However, the
e®ectivenessof model chedking of suth systemsis sewerely constrained by the
state spaceexplosion problem, and much of the researt in this areais targeted
at reducing the state-spaceof the model used for veri cation. One principal
method in state spacereduction is Abstraction. Abstraction techniques reduce
the program state spaceby mapping the set of states of the actual systemto an
abstract, and smaller, set of statesin a way that presenesthe behaviors of the
systemthat are of interest.

Many methods de ne the transition relation of the abstract circuit so that
it is guaranteed to be a conservative over-approximation of the original circuit,
i.e., any safety property that can be establishedon the abstraction also holds on
the original circuit. Thus, if the model cheder returns that the property holds
on the abstract model, the algorithm terminates and the property holds on the
original circuit.

The drawbadk of the consenativ e abstraction is that when model cheding of
the abstraction fails it may produce a counterexample that doesnot correspond
to a counterexample on the original (concrete) circuit. This is usually called a
spurious counterexample In order to distinguish spurious from real counterex-
amples,the counterexampleis simulated on the concretecircuit. If the simulation
succeedsthe counterexample is real. If not so, it is spurious.

When a spurious counterexample is encourtered, abstraction re nement is
performed by adjusting the abstraction in a way that eliminates this counterex-
ample.

Automated Abstraction Re nemen t

The abstract-re ne processas described above is often performed in an infor-
mal, manual manner, and requires considerableexpertise. The courterexample
guided abstraction re nement framework (CEGAR) automates this approac
[CGJ* 00,CCS' 02]. It hasbeenapplied successfullyto both hardware and soft-
ware. The abstraction re nement loop for software wasintro ducedand promoted
by the SLAM project at Microsoft [BROQ].

First, an initial abstraction is computed. The model chedking is then per-
formed on the abstract model. Thus, if the property holds on the abstract model,
it alsoholds on the concretemodel, and the algorithm terminates. The abstrac-
tion greatly reducesthe size of the model, making BDD basedmodel chedking
feasible.

However, if the property doesnot hold on the abstract model, the property is
not refuted, asthe counterexample may result from spurious behavior added by
the abstraction process.Thus, the abstract counterexample obtained from the
model cheder is then simulated on the concrete, unabstracted machine. Only if
this simulation run succeedsthe property is refuted. Otherwise, the abstraction



hasto be re ned and the processstarts over. The re nement step is automated
by using information obtained from the failed simulation.

The existing publications on abstraction re nement for hardware favor SAT-
basedBounded Model Chedking (BMC) to perform the simulation. In Bounded
Model Chedking, the transition systemis unwound up to a given depth k to form
an equation. The equation is satis able if and only if an error state is reachable
within k steps.In the CEGAR framework, the number of stepsk is the length
of the abstract courterexample.

Note that the model used by the Bounded Model Cheder is the original,
full-size model, restricted to an abstract counterexample trace. Thus, the SAT
instance will roughly be k times the sizeof a SAT instance corresponding to the
circuit. In caseof large industrial circuits, the size of this instance is already
prohibitiv e. Previous experimental results show that the simulation step in the
CEGAR framework can be a seriousbottleneck [CCS* 02].

If the constrained BMC SAT instance is satis able, the abstract courterex-
ample can be simulated on the concrete model and a bug is found. If not, the
abstraction is re ned using various heuristics, which often use information ob-
tained from the BMC run. In [CCS' 02], the con®ict graph maintained by the
SAT solwer is usedto derive a measureof the importance of the variables. The
most important variables are usedto build the abstract model.

Symbolic Simulation

Howewer, BMC is not the only technique that is applicable for the simulation
step in the abstraction re nement loop. Symiblic simulation is a widely applied
technique for the analysis of synchronous circuits. As in BMC, the transition
relation is unwound into equationsthat represert the set of statesthat is reac-
able in exactly k steps. The equations are parameterized in the initial state
and the inputs of the circuit. Thus, the set of states is stored in a parametric
representation

Most implementations of symbolic simulators useBDDs [Bry86] to represert
these equations [CM90,J0n99 AJS99,Goe03GB03,YS0Z. Howewer, these BDDs
may grow exponertially in the number of simulation steps, as the number of
variables grows. In order to addressthis problem, symbolic simulators compute
a new, equivalent parametric represertation oncethe simulator is about to run
out of memory. The new represenation can be signi cantly smaller since it
usually requires fewer variables. The processof corverting one parametric rep-
reseriation to another is called reparameterization. In [CM90] and [Jon99], the
reparameterization algorithm rst corwverts the parametric represenation into
characteristic function form and then parameterizesthis form. In [Goe03, an
algorithm is given for computing set union in parametric form. Algorithms for
reparameterization and quanti cation are given that are basedon this setunion
algorithm. Howewer, the reparameterization is done using BDDs, henceas the
number of simulation steps grows, the algorithm quickly becomesvery expen-
sive. This is due to the fact that ead simulation step introduces more input
variables, which needto be quanti ed during reparameterization.



In [CCKO03a,CCKO04], a symbolic simulator with SAT-based reparametriza-
tion is preseried. The equations are not stored using BDDs, but simply as a
syntax tree with sharing. Thus, the equationsonly grow linearly with the num-
ber of simulation steps. Once they becometoo large, the algorithm performs
a reparametrization using a SAT solver. This algorithm outperforms the BDD-
basedsymbolic simulators on large examples.However, proving a safety property
correct using a forward symbolic simulator requires unwinding the circuit up to
the completenessthreshold [KS03]. This is infeasible for large examples.Thus,
the symbolic simulator is useful as meansof refutation only, asis BMC. How-
ever, the symbolic simulator in [CCKO04] only allows transition functions, not
arbitrary transition relations.

Contribution

This paper presents experimental results on a combination of two already exist-
ing techniques:

{ We extend the symbolic simulation algorithm preseried in [CCKO04] in order
to handle arbitrary transition relations in order to allow constraining the
simulation run with valuesfrom the abstract counterexample.

{ We compare the performance of the CEGAR framework using BMC and
using a SAT-based symbolic simulator. Our new experimens shaw that the
symbolic simulator addresseghe capacity problem causedby BMC, and that
the overall performancebene ts greatly from the reduced simulation time.

{ During reparametrization, someinformation from the earlier transitions is
lost, as only the set of reachable states is retained. This lost information
is no longer available to compute a re nement in the casethe simulation
fails. The experiments show that this lossis insigni cant for most circuits.
Howevwer, the new algorithm fails on a few medium-sizebenchmarks due to
insutcient re nement.

Related Work In [CGKSO02], various ways of obtaining re nement information
are explored. The refutation is done using SAT-based BMC.

In [MAO3], the CEGAR framework is changedas follows: An abstract coun-
terexample is no longer obtained. The only information of interest is the length
m of the abstract counterexample. This length m is then usedasthe bound for
a normal, unconstrained BMC instance. If the BMC instance is satis able, a
bug is found. If this is not the case,information from the SAT solwer is usedto
generatethe next abstract model.

In [McMO03], a new framework is introduced: The algorithm initially performs
Bounded Model Chedking for somem stepsin order to refute the property. If
this fails, the proof of unsatis abilit y extracted from the SAT solver is usedto
simplify a xed-p oint computation. The purposeof the "xed-p oint computation
is to detect the casewhen the property actually holds. This may fail, and if so,
the algorithm is repeated with an increasedvalue of m.

All cited approades therefore solely rely on Bounded Model Cheding to
refute the property. The extensionsthat are introduced by these publications



are usedonly to improve re nement or to detect the casethat the property is
true. The related work doesnot addressthe simulation bottleneck.

Outline In section 2, we provide badkground information about counterexample
guided abstraction re nement and related techniques. In section 3, we describe
how the reparametrization step can be adjusted to take additional constraints
on the transition relation into accourt. In section4, we report the results of our
new experimernts. In section5, we describe how to detect xed points during the
symbolic simulation.

2 SAT-Based Counterexample Guided Abstraction
Re nemen t

We brie°y describe the SAT-based CEGAR framework usedin [CCS* 02] in this
section. More details can be found in the referencedpaper.

2.1 Localization Reduction

For circuits, a very simple and inexpensive form of abstraction, called Localiza-
tion Reduction [Kur94] has proven to be e®ecti\e: Latches are replaced by free
inputs, and the logic that computesthe next value of the latch is removed. The
remaining latches are called the visible latches. The latches that are removed
are called invisible latches The resulting circuit is smaller, and henceeasierto
verify.

This method de nes the transition relation of the abstract circuit so that
it is guaranteed to be a conservative over-approximation of the original cir-
cuit, i.e., any safety property A that can be established on the abstraction
also holds on the original circuit. An example of a more general abstraction
technique is predicate abstraction. The drawbadk of any consenative abstrac-
tion is that when the veri cation of the abstract model fails, one may obtain a
courterexample that doesnot correspond to any concrete counterexample. This
is usually called a spurious counterexample When a spurious courterexample
is encourtered, re nement is performed by adjusting the set of visible latches
in a way that eliminates this counterexample. The abstraction re nement pro-
cesshasbeenautomated by the CounterexampleGuided Abstraction Re nement
paradigm [Kur94,CGJ* 00,DDO01], or CEGAR for short.

This framework is showvn below: one starts with a coarseabstraction h, and
then oneveri es the abstract transition relation M induced by h. If the abstract
model cheding run fails and generatesa counterexample, the counterexampleis
simulated on the concretemodel M to seeif it is valid or not. If it is not valid,
the counterexample is analyzed to infer the re nement h° of the abstraction
function. The actual stepsof the loop follow the abstract-verify-re ne paradigm
and depend on the abstraction and re nement techniques used.

1. Generatean initial abstraction function h.



2. Model check M. If M E A, return TRUE

3. If M 6j A ched the generatedcounterexample ® on M. If the courterex-
ample is real, return FALSE

4. Re ne h, and goto step 2.

2.2 Validating the Abstract Coun terexample

Given an abstract model M and a safety formula A, we run the usual BDD-
basedsymbolic model checking algorithm to determineif M | A. Supposethat

counterexample also exists in the concrete model M or not, we symbolically
simulate M beginning with the initial state | (t(0)) using a fast SAT cheder.
At ead stage of the symbolic simulation, we constrain the values of the visible
variablesaccordingto the abstract counterexample. Thus, the equation for BMC-
basedsymbolic simulation is:

1(t(0)) * @(t(0)) * R(t(0);t(1)) * ca(t(1)) ™ :::
AR(t(k i 1);t(k)) 7~ c(t(k) 1)

Each c(t(i)) is a predicate that constraints the visible variables in the state
t(i). The invisible variables are not constrained. If this propositional formula is
satis able, we successfullysimulated the counterexample on the concrete ma-
chine and can concludethat M 6j A. As donein BMC, a courterexample trace
can be extracted from the satis able assignmen provided by the SAT solver.

2.3 SAT-Based Re nemen t

If the counterexample is spurious, then formula 1 is unsatis able. Modern SAT
cheders can identify the causeof unsatis abilit y of a SAT instance (see, e.g.,
[ZMO03]). In [CCS* 02], we proposedtwo methodsto determine a small set of vari-
ables necessaryfor the unsatis abilit y of the SAT formula. The rst method is
basedon scoringinvisible variablesduring the SAT ched. Essetially , a weighted
scorebasedon the number of badktracks a variable receivesduring the SAT chedk
and the number of times the variable appearsin a con®ict clauseis computed.
The invisible state variables from all the simulation steps are ranked basedon
this score,and a small set of the highest scoredvariables are usedfor the re ne-
mert. In the secondmethod, a con®ict dependencygraph is built to analysethe
relations between various con®icts that occur during unsatis able SAT ched.
From the roots of this directed graph (vertices with no incoming edges),the
causesfor the unsatis abilit y are inferred. The variables corresponding to the
roots of the graph are then usedas new visible variables.

The set of re nement candidatesidenti ed from con’ict analysisis usually
not minimal, i.e., not all registersin this setarerequired to invalidate the current
spurious abstract counterexample. To remove those that are unnecessary we
have adapted the greedyre nement minimization algorithm in [WHL * 01]. This



re nement algorithm has two phases.The rst phaseidenti es the registers
suzxcient to prevent the spuriouscournterexample.In the secondphase,a minimal
set of registers necessaryto prevent the counterexample is identi ed. For our
experiments we only usethe secondphase,in which we remove one register at a
time to seeif the counterexample is removed or not. If not, then the register is
not required in the re nement.

Note that data from of the whole courterexample is usedto infer re nement
information. If reparameterization is used, we lose all the information from the
counterexample up to the last time the parametrization was done, and hence
only the last segmenm of the counterexample is analysedto infer re nement.

3 SAT Based Reparameterization in Symbolic Simulation

In [CCKO04], we preserted an algorithm for SAT-based reparameterization in
symbolic simulation for functional circuits. In order to useit to simulate abstract
courterexamplesin the CEGAR framework, it hasto be extended to handle
handle generaltransition relations (for example through SMV style TRANSnNd
INVAR statemerts.

This section describes the parameterization algorithm when R(¥;¥9) is the
transition relation of the system. We assumethat the states ¥ of the transition
systemare an assignmen to a vector of n state bits. The bit i of the vectorv is
denoted by v;.

correspond to the constraints imposed by an abstract counterexample with k
stepsthat we are interestedin simulating on the concrete machine.
Let ¢(t) denotea predicate that holdsif and only if t is a valid concretetrace

formally:

1
)y () 1) n Co(t(O))_ (RG)tG + 1) " g (1G + 1)) (2

i=0

We aim at obtaining a small, symbolic represeration for the set of all states
¥ such that there exists a trace of length k in M that endsin the state ¥. We
denotethe setby X.

X = f¥2Sjot2 Sk (1)~ v = t(K)g ()

The set X is then usedin a new simulation instanceinstead of the original initial
state predicate | . This processcan be iterated to explore the model further until
the counterexample is either found to be real or spurious. In order to make this
processezcient, a small, symbolic represeration for X must be found. We now
describe how to compute a parametric represenation for X.

For eadh state bit v;, a (re-)parametrization algorithm computesa new func-
tion h;(p). The function mapsa parameter vector p to the value of the state bit i.



The vector of all such functions is denoted by h(p). The set of statesrepreserted
by the functions is simply the range of h, i.e., the set of values of the functions
for arbitrary parameters.Thus, the represenation is called parametric. Formally,

set of all parameter vectors by P. Thus, the number of parametersis at most
equal to the number of state variables.

The functions h; have a speci ¢ structure. The function h; only dependson
the parametersp; to p;. The algorithm computes these functions in the order

Note that a particular assignmen to the state variablesv; to v; may restrict
the possiblevaluesany later bit may have. As an example, considerthe set of
statesconsisting of the three states(0; 1), (1;0) and (1; 1). If h; mapsa particular
p to 0, then h, must map the samep to 1. We say that the secondstate bit is
forced to 1. In cortrast to that, if hy mapsp to 1, the value of h; is not restricted.
It may either be O or 1, i.e., it hasfree choice.

Intuitiv ely, ead new parameter p; allows for the free choice of the i!" state

the Boolean condition under which v; is free to choosea value (is not forced to
either O or 1).

For the example above, supposewe let the “rst bit be represerted by the free
parameter p;. If the “rst bit is 0, then the secondbit is forcedto be 1. Thus, the
Booleancondition under which v, is forcedto 1is hi(p;) = : p1. Moreover, if the
“rst bit is 1, then the secondbit is free to be either 0 or 1. Thus, h§(p1) = pz.
Note that h9(p;) = 0, sincethe secondbit is not forcedto 0 in any condition.

The following decomposition of h; wasintroducedin [GBO3]:

hi(pe;::osp) = hies P 1) _ (B~ hE(pesispi 1) (5)

Intuitiv ely, Equation 5 is interpreted asfollows. If h! holds, the value of bit v; is
1 regardlessof the other two functions, hencethe rst term in the equation. If
hf is true, the choiceis free, and the bit is given by the parameter p;. Otherwise,
the bit is forced to zero.

The three conditions h?; h! and h¢ are mutually exclusive and complete,thus

he=: (hl_h%)=:hir:n (6)

Continuing our example,we get ho(p1;p2) = : p1_ (P2 ” p1)- Thus, to compute
hi, it is suxcient to compute any two of the three functions ht; h® and h¢, which
we describe now.



3.1 Computing h! and h®

As described above, choosing speci ¢ values for the parametersp; to pi; 1 re-
stricts the value the function h; canhave, asthe valuesfor the previous bits v; to
Vvi; 1 may forcev; to be either 0 or 1. We formalize this as follows: the predicate
Y% takesas argumerts the parametersp; to p;; 1 and a trace t. It is true if and
only if the following two conditions hold:

1. The trace is a valid trace in M, i.e., ¢(t) holds.
2. The rst i 1 state bits of the last state in the trace match the valuesgiven

Formally, % is de ned as:

in 1
Ve(pr;iiip uit) = () hy(pasiizipy) = (k) 7)
j=1

for any invalid trace t.
Now the condition h! can be easily expressedas follows: We want a Boolean

implies that all tracest that conform with this assignmem end in a state t(k)
wheret(k); is 1.

hi(pe;iiipy 1) = 862 S (Ye(piiiip 1) ! t(k)i = 1) ®)

h(py;:iipiy 1) = 862 S (Ye(pyispy t) ! t(K)i = 0): 9)

Note that h;(p1) = p1, unlessthe bit v; is always 1 or 0, in which caseh; = 1
or hy = 0. This follows automatically from 3 = ¢(t). The Equations 5 to 9 give
us an algorithm for computing a symbolic represenation of the set of states
reachable in exactly k steps.

As described in [CCKO04], we use the procedure described in [CCKO3b] to
obtain h® by the use of SAT-based enumeration. We also use incremertal SAT
and a single SAT-enumeration for computing both h? and hl, asit is donein
[CCKoO4].

4 Exp erimen tal Results

We embed the symbolic simulation algorithm with SAT-basedreparametrization
into the abstraction re nement framework described in [CCS* 02]. The symbolic
simulation algorithm is usedto replace BMC as meansof simulating abstract



counterexamples. The re nement information is extracted from the full simu-
lation run asin [CCS"02]. In contrast to that, the proposed algorithm with
symbolic simulation extracts re nement information only from the last segmen
of the counterexample simulation. This may result in re nement information of
lower gquality. Not that both algorithms are just re nement heuristics, and none
guaranteesthe elimination of the spurious counterexample.

Both methods use a BDD-based model cheder for the veri cation of the
abstract model. The model cheder is basedon NuSMV and usesdynamic vari-
able ordering. Apart from deriving re nement information, the initial variable
orders for the BDD-based model cheder are also derived from the analysis of
failed counterexample, as described in [CCS" 02]. In the very st iteration of
the abstraction re nement loop, no variable orders are provided to NuSMV.

Table 1 lists the circuits that we usedfor the experiments, and provides some
characteristics of the circuits. The circuits are from three di®erert classesThe D
and M seriescircuits are processotbendimarks. The IU circuits are modelsof the
picoJava microprocessorfrom Synopsys,and the s-seriescircuits are ISCAS89
sequetial benchmarks.

The D, M and IU seriesbendimarks already come with properties. In con-
trast to that, there are no properties available for the ISCAS89 circuits. We
used random simulation to infer reasonableprowties for these circuits. The
property veri ed for the s3271circuit is AG AF ( i6:O M anFinal;), for s13207
the property is AG: (gl2” g1229~ g1325" 1391” g1431~ g972”" g182), for
s$15850the property is AG : (g109” g878” g901), and for s38417 the property
is AG : (g222~ g342). We also experimented with other ISCAS89 circuits, how-
ever, the length of the longest counterexample to simulate on these circuits was
either too short to be of interest, or the time taken by the SAT-based simulation
was too small a fraction of the total time.

[circuit [# latches# inputs [bug. length]]

D6 161 16 20
D18 498 247 28
D19 285 49 32
D20 532 30 14
M3 334 155 true
M4 744 95 true
M5 316 104 true
IUp1 4494 361 true
1Up2 4494 361 true
IUp3 4494 361 true
s3271 116 26 true
s13207 669 31 true
s1585( 597 14 true
s38417 1636 28 true

Table 1. Circuits used for abstraction-re nement experiment.



We performed our experiments on a machine with dual AMD Athlon MP
1800+ processorsand 3GB memory. The reparameterization is done as soon as
the sizeof the SAT instancefor the simulation exceedsfOOMB. The total amourt
of memory was limited to 2.5GB.

Table 2 describesthe comparative experimert of the new technique with the
results as described in [CCS* 02]. The re nement technique used and all other
parameterswerethe samein both setsof experiments. The only di®erences the
algorithm usedfor simulation.

The columns marked \sym" are for the new algorithm, while the columns
marked "fmcad" are for the old algorithm. The set marked \# refn" compares
the number of re nement iterations required, the set marked \jreg" compares
the number of latchesin the "nal abstract model, the set marked \max jCEj"
comparesthe length of the longest courterexample encourtered, the set marked
\sim. time" comparesthe time spert in the simulation of abstract courterexam-
plesover all re nement iterations, and the set marked \total time" comparesthe
total time to prove the property or to disprove it. The last column marked \#
rep” lists the total number of reparameterizations done acrossvarious simula-
tions for the circuit. Veri cation wasnot completefor circuits when the numbers
are in bold typefacewith an accomparying symbol. The run times are given in
seconds.

ckt # refn jregj max jCEj sim. time total time # rep
fmcad|sym||fmcad| sym||/fmcad|sym fmcad| sym fmcad| sym
D6 48| 48 39 39 20| 20 438, 362 845 718 23
D18 142 127|| 253 253 28| 28 3598 2740 9873 8349 56
D19 37| 49 103 112 32| 32 4348 1329 14528 12087 95
D20 74| 74| 265 265 14| 14 1359 338 2794 2192 23
M3 58l42y|| 128 87y|| 54|54y 43782088y 15306> 21600y 3
M4 17394y 336|184y 44| 39y 155404776y 20327> 21600y 21
M5 71 11 30 30 6/ 10 3427 2902 8653 10312 3
IUpl 8z| 13|| 12z| 19| 72z| 72 3390z 1295 4877z 4063| 117
IUp2 6] 6 13| 13 22| 22 1298 605 2498 1335 16
1Up3 17?2 32|| 19?| 41| 527?| 67|> 216007 3022|> 21600 ? 5836|| 325
s3271 32| 32 38 38 48| 48 117 96 198 174 3
s13207 15| 15 23| 23 43| 43 2231 1035 4066 2454 13
s15850 8 8 18| 18 56| 36 1643 669 2998 2108 8
s38417 19| 19 29 29 53| 53 1347, 462 1655| 1077, 14

Table 2. Comparison of SAT based reparameterization symbolic simulation against
plain SAT basedsimulation asin [CCS* 02]. y: Model checking of abstract model timed
out, z: Simulation of counterexample failed, and ?: Simulation of counterexample timed
out.

In Figure 1, we show the scatter plots of the simulation time and the total
model cheding time for both techniques. The horizontal axis is for the new
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simulation algorithm, while the old algorithm is represered by the vertical axis.
For the failed instances,we usedthe time value 21600in the scatter plots.

The new simulation algorithm yields useful re nement information in most
experiments, and the improvemen in run-time is due to the faster simulation.
The large circuits 1Upl and IUp3 fail to verify with the original simulation algo-
rithm, but can be veri ed with the new technique. The simulation using SAT-
basedBMC exceedsthe memory bound for IlUpl and the time bound for Up3.
The di®erencebetweenIUpl and IUp3 is due to the fact that there is only one
very long counterexample for IUp1, while for IUp3 there are multiple long coun-
terexamples. The sum of the time required to simulate all the counterexamples
exceedsthe time bound.

Howevwer, the medium-sizedcircuits M3 and M4 show negative results. These
circuits fail to verify within the time limit of 6 hours becausethe BDD-based
model cheding of abstract model times out. We examinedthe failure of the new
algorithm for the circuits M3 and M4. For the M4 circuit, the new set of latches
obtained from the truncated simulation using the new technique was di®eren
from that obtained by the original algorithm. Thus, the failure is causedby the
low quality of the re nement information.

For the M3 circuit the set of latches computed by the new algorithm is the
exact sameas computed by the BMC-based algorithm. However, we analyzethe
failed counterexample simulation to derive variable orders for the BDDs used
for verifying the abstract model. The BDD variable orders obtained by the new
method were di®eren than those obtained by the old method, and causethe
BDD-based model cheder to fail. When we usedthe variable orders derived by
the old method, the abstract model chedking in the new method was successful
for 6 more re nement iterations, after which the model cheding of abstract
model cheding failed due to a di®eren set of latches.

5 Computing Fixed Points by Intro ducing Self Loops

The symbolic simulation computesthe set of statesreadhable in exactly k steps.
In order to 'nd "xed points, we needto compute the set of states reachable in
k stepsor lessand we also needa method to compare two represenations. In
[CCKO03a], a method to computethe union of the setsof statesin parametric form
is preseried. However, the method is too expensive to be of any practical use.
The majority of the costis in invoking reparameterization after ead simulation
step. Howewer, the following method can be usedto compute the union of the
set of states. The idea is to modify the transition relation such that it also
allows self-loops badk to ead state. Thus, if the original transition relation is
R(v;Vv9, we changeit to R(v;v% _ (v = v9. For functional circuit descriptions,
this can be achieved by driving ead latch input from a multiplexer cortrolled
by a free input. The multiplexer selectseither the original latch input or the
latch state. This is a well known approadc for nondeterministically \stalling"
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the state machine.! When simulating using this modi'ed transition relation for
k steps,we get the set of statesreacable in k or lesssteps.

In order to detect whether we have reached xed point or not, we needto
comparetwo state set descriptions for equality. Sinceour reparameterization al-
gorithm producescanonicalrepresenations (provided the order of the state vari-
ablesis the same), we only needto comparethe two parametric represernations
on a function by function basis.Note that we do not needto invoke reparameter-
ization after ead step of the simulation. We just needto comparethe last two
parametric represenations for equality. Suppose HK(P) = (hk(P);:::;h¥(P))
and H** £(P) = (hX**(P);:::;hk*£(P)) are the last two parametric represerta-
tion. Note that + canbe and is usually greaterthan 1. In order to comparethese
two represetations, we need to compare eac function h¥(P) with h!‘”(P).
Since we represent these functions by Boolean expressionsand not by some
canonical data structure such as a BDD, a method for chedking equality is re-
quired. The simplest method is to chedk hik(P)©hik+ *(P) for satis abilit y. If the
formula is satis able for any i, then the two represerations are not equal, and
the "xed point is not yet reached. We can also usestate of the art combinational
equivalencechedersto accomplishthis task.

For the circuits we experimented with, the diameteris far too largeto actually
reach the "xed point. Within the time bound of 6 hours, we wereable to simulate
the circuit D24 for 8744stepswithout reaching a xed point, the circuit M4 was
simulated for 238 steps without reacing the xed point and the circuit IUpl
was simulated for 936 stepswithout reacing the xed point. Even though the
the algorithm was not able to reach xed point for the circuits, the extension of
adding selfloopsto compute the unions of the setsof statesat least theoretically
allows one to usethe reparameterization based algorithm for general property
cheding. To the bestof our knowledge,there is no other algorithm available that
is able to reach thesedepthsin a xed point iteration on such large circuits.

6 Conclusion and Future Work

Using experiments on large industrial circuits, we show that the use of sym-
bolic simulation with SAT-based reparametrization within the Counterexample
Guided Abstraction Re nemernt framework canyield signi cant performanceim-
provemerts and enablesthe veri cation of larger circuits.

Howevwer, the results also shaw that there are a few circuits for which the
SAT-based reparametrization provides insuzcient re nement information, and
thus, performs worse than BMC. The new technique is therefore not clearly
dominant over the old technique, and the user should be given a choice of both
techniques.

Both CEGAR and symbolic simulation with SAT-based reparametrization
are known already; the cortribution of this paper is the quanti cation of the
performance of the combination.

! The authors thank Armin Biere for suggestingthis.
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Future researt will investigate criteria that can predict the succesof either
simulation technique and automated ways to decide which technique should be
used.We will alsoinvestigatethe performanceimpact using di®erert re nement
algorithms.
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