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Abstract The run-time performance of reachability analysis may

Reachability analysis of finite state machines is essential toalso be improved by using don't cares (DCs) [4,11). Coudert

many computer-aided design applications. We present new’" al. [4] propo;ed o reduce ttfeontier setBDD using
techniques to improve both approximate and exact reach_reached states, i.e. reachable states cqmputed thus far, as
ability analysis using don’t cares. First, we propose an iter- D.CS' I?t[?]ytton et'tgl. [11|] 5res§rggd t_?chnlquest to re_?uce the
ative approximate reachability analysis technique in which Size of thetransition relation S(TR) using transitions

don't care sets derived from previous iterations are used in orlglr;]aténgt f[rom ncl):?gron_lt_lﬁ ' sta_tes df"m?j tratnsmonfs ﬂgo
subsequent iterations for better approximation. Second, we'cached states as s. 1he major disadvantage of these

propose new techniques to use the final approximation toapprogche; is that the minimization needs to be repeated in
enhance the capability and efficiency of exact reachability each iteration because the reached states, and consequently

analysis. Experimental results show that the new techniquegheRDC, SEtSt’ alreluopdda.lted at eda;:h Eeratlon.t d the si
can improve reachability analysis significantly. anjan et al. [10] discussed techniques to reduce the size

of TRs using DCs derived from overapproximated reachable
states [12]. The main advantage of this approach is that the
1. Introduction minimiz.atipn needs to be. performed_gnly once because the
DC set is fixed for the entire reachability analysis. However,
surprisingly, the BDD minimization led to larger BDDs in
Symbolic reachability analysis techniques using binary thejr experiments and performance improvements were not
decision diagrams (BDD's) [1] were introduced by Coudert reported in their work. Hong et al. first reported successful
et al. [4], and have been shown to be able to analyze muchesyits based on TR minimization in [23], a preliminary ver-
larger FSMs than was possible using explicit state tech-gjgn of this paper. Recently, Moon et al. [24] showed that
niques which process one state at a time [4, 5, 6]. Neverthe-Tr minimization using approximate reachable states can
less, symbolic techniques cannot handle some large FSM%prove CTL model checking.
because they either require too much memory or are compu- | this paper, we present new techniques to make use of
tationally too expensive. the overapproximated reachable states to improve both
Various techniques have been developed to enhance thgpproximate reachability analysis and exact reachability

One class of the techniques consists of BDD variable order-

ing heuristics [2, 3] because the size of a BDD depends < A clustered DC BDDconstructed from partitioned DC

greatly on the ordering of the BDD variables [1]. BDDs to maintain high BDD minimization ratio with
Numerous other techniques to analyze large FSMs have = manageable DC BDD size.

been developed. Ravi et al. [17] proposed a mixed breadth- < An iterative approximate reachability analysis in which

first and depth-first traversal to utilize subsets of states that DCs computed in previous iterations are used to

are representable with small BDDs. This technique can improve the quality of the approximation computed in

reduce the size of the BDDs significantly at the expense of subsequent iterations.

more iterations to complete reachability analysis. Cabodi et e« A heuristic tominimize the support set size of TRs

al. [18] and Narayan et al. [19] proposedpartition state improve the early quantification schedule in exact

sets to avoid the problem of too many iterations. In addition, reachability analysis.

Cabodi et al. [20] presented an approach that extends the . ) ]

application of disjunctive partitioned transition relations After describing background in Section 2, we present the

from asynchronous circuits to synchronous ones and utilizeg!®W techniques in Section 3. Section 4 reports our experi-

iterative squaring. Their approach is effective for FSMs with mental results and Section 5 presents some conclusions.

high sequential depth.



2. Background

The next state functiod for a FSM withn state bits consists
of §'s for 1 <i < n, referred to as &ansition function vector

[4], whered; represents the next state logic fBrstate bit. A
transition relation[4], denoted byTR, defines all possible
current/next state pairs using the conjunction of the transition
function vectors as follows.
k
TRy = 1 TR,
| =

wherex represents present state and input varialylespre-

sents next state variables, arfg(x, y) representy; = 9; (X).

To represent the transition relations, symbolic techniques
use BDDs [4]. Because a single BDD representing the TR
can be prohibitively large, techniques to represent the TR
using a list of BDDs representingy’s, referred to as parti-
tioned transition relation have been proposed [7]. In this
paper, we represent th8 cluster byTR. Then the TR can be
implicitly represented using clusters as follows.

n

TR

= 1 TR(xy),
i=1
wheren is the number of clusters.

The statesTo, reachable from a set of statdgpm, in at
most one step can be obtained from the BDD representing th
TR by performing existential quantification, denoted and
conjunction as follows.

To(y) = From(y) 0 [ [From(x) OTR(x, y)].
X O
Here, the conjunctions are performed iteratively, forming
manyintermediate resultdf there exist a set of variables that
some clusters do not depend on, the existential quantificatio
can be distributed over the partial products. We quantify out
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Figure 1: Flow of our approach

completed, a subset of unreachable states can be computed
with significantly less computational resources using approx-
imate traversal techniques [12]. Thus, transitions from this
subset of states can be a computationally cheap source of
DCs for the TR used in exact reachability analysis. Moreover,
we will show how these DCs can be used to improve approx-
imate reachability analysis.

The overall flow of our approach is shown in Fig. 1. We
first run coarse approximate reachability analysis and derive
clustered DCdrom the approximation results. Note that this
clustered DC approach is applicable to both approximate and
exact analysis. We then use these clustered DCs to improve
approximate reachability analysis using aiterative
approach yielding smaller overapproximated reachable state
set. Finally, we derive clustered DCs from the final approxi-
mation and utilize them to improve exact reachability analy-

such variables from the intermediate results before the entire

multiplication is finished to reduce the size of intermediate
result BDDs [6]. This technique is calledrly quantification

3. Symbolic Traversal Using Don’t Cares

3.1. DC Transitions and Clustered DC BDDs

Currently known approximate reachability techniques are
based on state space decomposition [12, 13, 14]. They pro-
duce a superset of reachable states associated with the state

space of each cluster in the form of a list of BDBE,, . . .

Because the size and complexity of the TR greatly affects theR" . The conjunction of alR";’s yields the smallest superset

run-time performance and capacity of symbolic FSM tra-

versal, techniques to simplify of the TR can be very useful.
An effective way of simplifying a BDD is to utilize DC

information, i.e. the flexibility of the function that the BDD

of the reachable states for the entire state space. Thus, its
complement yields the largest DC set using the overapproxi-
mated reachable states. In practice, however, the conjuncted
BDD can be prohibitively large. Alternatively, it is possible

represents. For the BDD representing the TR, any transitionto individually apply BDD minimization to eachR (or each

originating from an unreachable state is a DC for exact reach-

ability analysis because such a transition will never be
explored during the analysis. Although the complete set of
unreachable states cannot be available until exact analysis i

TF, if the TF is minimized) using their respectii®’; as the
care set. However, this approach may lead to poor minimiza-
gon because the DC fraction obtained from individ ],



may be very small. This suggests that we need to derive DCfraction because the exact DC fraction (which requires the
sets with reasonably high DC fractions and affordable BDD conjunction of allR";'s when the state space of eaRh;’ is

sizel not mutually disjoint) is computationally expensive if not
We propose alastered DCapproachin which we con- infeasible. Consequently, the process is completed when the

struct a BDDC; representing the care set associated Wigh ~ number of clusters obtained is not reduced. _

by conjunctingR*;’s which are likely to improve the minimi- Another important factor determining the quality of the

zation quality forTR. We identify R+j’s for eachTR such approxirr_\ati_on is the effe_ctiveness of the state Qecompos_ition.
that the support set &'} includes at least one variable thatis  The basic idea of existing state decomposition techniques
also contained in the support seff®. Then we existentially ~ [22, 14] is to combineclosely related TFs into one cluster
quantify out the nonsupporting variables BR from such where the closeness of the relationship betweenT#(s is
R*j's to further reduce their size. This means that the support€stimated by examining the number of common variables in
set ofC; is a subset of the support set®® and consequently their support sets. BDD minimization can indirectly lead to

thatC; is typically much smaller thafiR. Figure 2 shows the ~ better state decomposition because it sometimes removes
algorithm to build clustered-DCs. some variables from the support sets of BDDs leading to a

more accurate analysis of the relationships anTdfg.

Procedurduild-clustered-DC ({TR}, { R'}}) It is obvious that the choice of a BDD minimization heu-

for i = 1 tom/* m: number ofTR’s */ ristic is important. We useestrict[4] because it is fast and is
Ci =bdd_one competitive in terms of both size minimization and support
forj=1ton set minimization. Compaction algorithms [9] are typically

if supportTR) n supportR) # 0 then C; =G [ DR*I- )

retumn ({C) X TR better tharrestrictin terms of minimization power but worse

in terms of support set reduction. This is because compaction
Figure 2: Algorithm to build clustered-DCs algorithms apply a node minimization operation, caléto-
ling-substitution less aggressively thamstrict does to pre-
vent overall BDD size growth. There exists aggressive
3.2. lterative Approximate FSM Traversal variants ofrestrict presented by Shiple et al. [8] but they are

The main reason for the computational efficiency of the Prohibitively slow for large BDDs such as the TRs.
approximate reachability analysis is that each sub-FSM rep- Finally, we note that reduced support sets of the sub-FSMs
resented by a cluster is traversed separately. The separategn also lead to faster run-times in the approximate FSM tra-
traversal, however, introduces some loss of information con-Versal. This is because if fewer sub-FSMs have support sets
cerning the interaction among sub-FSMs. If we decompose athat intersect with the support set of a sub-FSM, fewer sub-
FSM into too many sub-FSMs, the information loss is FSMs need to be re-traversed after the sub-FSM is traversed
increased leading to a coarse approximation. Consequently{12]. This typically means that the total number of sub-FSM
there is a trade-off between the computational efficiency andtraversals needed is reduced, reducing overall run-time.

the quality of the approximation and existing clustering tech- 3.3, Exact FSM Traversal Using Support Set

nigques ensure that each cluster size is smaller than a predetepinimization (SSM)

mined threshold [12, 14].

We propose to improve the quality of the approximation
using BDD minimization. In particular, we propose to derive
DCs from one approximate reachability analysis, minimize
the original TH's using these DCs, re-cluster these mini-
mizedTH’s, and repeat the approximate reachability analysis
using the new clusters. Because ffg’s are smaller, the re-
clustering algorithm can lead to fewer clusters and conse-
quently the approximation can be improved, leading to more
DCs. The larger set of DCs now leads to better minimization
of the TH’s. Therefore, we propose to repeat this process

un:cll_l no S|g{_nflqant |mprove£nent IS ma(zle. h ber of The choice of minimization algorithms is important. Ide-
0 quantify improvement we currently use the number o ally we want an algorithm that minimizes the support set

clusters as a simple cost function rather than the exact DC o i reducing BDD size. Unfortunately, there is typi-

L _ _ ' _ cally a trade-off between BDD size and support set size, both
Analogies can be found in the logic synthesis area [15, 16]. For example, cannot be minimum simultaneously. Our experiences suggest

the satisfiability DC set of the whole network is too large for a two-level o 1he more important factor is the support set size because
minimizer [15] so a subset of the DC set is used instead.

Using the DCs obtained from the above approximate reach-
ability analysis, we propose to minimize the TRs used in the
exact traversal. This has two effects. First, the smaller TR
size can directly lead to reduced run-times because the TRs
are heavily used. Second, BDD minimization can minimize
the support set of each cluster which can lead to a better early
guantification schedule. This reduces the maximum number
of variables that an intermediate result can have, leading to
reduced memory requirements. We first consider using
restrictas the TR minimization algorithm and then explore a
new heuristic specifically targeting support set minimization.




the quality of the early quantification schedule often dictates including thei-th cluster). Let this cluster b€R, and notice
the size of the systems that can be analyzed. thatk must be less than The benefit of removing, i.e., the
We first applyrestrict because it heuristically minimizes number of intermediate results from which the variable x is
the support set without increasing the BDD size and it is fast. removed, is then- k.
Then, we apply a more expensive new heuristic that specifi- The second step is to check and remove non-essential vari-
cally tries to reduce the support set size. ables following their priority. Notice that the benefit of
Our heuristic is based on the notion oh@anessentiavari- removing a nonessential variable depends on the support set
able. Given an incompletely specified functifimepresented  of later clusters. To ensure that this benefit is not changed by
by f andc, wheref is a cover offf andc is the care function of  subsequent nonessential variable removal, the clusters are
ff, we call a variablex nonessential if,[J f; [ ¢+ c;. Equiva- processed from last to first. More specifically, all nonessential
lently, x is a nonessential variable fif and only if there variables that can be greedily removed from one cluster are
exists a cover off that does not depend on For example,  removed before the next earlier cluster is processed. After all
consider an incompletely specified function denoted Hyy clusters are processed, we re-order the clusters to further
andc =Xy + xy, i.e.xyandxy are DC minterms. Sindg[l f; = improve the early quantification schedule.
y 0 ¢+ ¢ =1, xis a nonessential variable. This makes sense  Note that removing a nonessential variable from a cluster
because, if we lef(xy) = 1 andf (xy) = 0, we obtain a cover  implies that some DCs must be fixed to boolean values. Con-
f'=y which does not depend an sequently, the care set of the cluster is expanded once a cover
Note that, in general, there can be more than one cover thateplaces the original function. In particular, when we remove
does not depend on a particular nonessential variable. In thisa nonessential variablefrom a clusterf, we produce a new
work, we usd ' = f,c,+ fyc; which was shown to be a cover of  coverf' = f,c,+ fyc; with the new care sat’ = c,+ ¢. With
fin [8] and clearly does not dependon the updated cover and care set, we continue the process of
An incompletely specified function may have more than checking and removing the next best nonessential variable.
one nonessential variable. Unfortunately, it may not be possi- The fact that the DC set changes after removing one non-
ble to simultaneously remove all nonessential variables fromessential variable is the reason why we chose to compute the
its cover because different nonessential variables may requirdenefits of every variable before checking to see whether any
conflicting DC assignments. For the above example, noticevariable is essential. In particular, this order of operations
t_haty is also a nonessential variable becafysefy = x [J Ey+ avoids an initial relatively expensive calculation of essential-
¢y = 1. The only cover that dges not dependyors f '= x ity of a lower priority variable using a DC set that may be
which is derived by assigninigxy) = 0 andf (xy) = 1. Notice invalidated by the removal of a higher priority essential vari-
that because the required don't care assignments are in corable.
flict, there does not exist any cover that is independent of Note also that the size of the cover with reduced support
both x andy. This means that we must choose which nones- set can be larger than the original cover. We only remove a
sential variable to remove when multiple nonessential vari- nonessential variable if the size of the cover is smaller than
ables cannot be simultaneously removed. the maximum cluster size. Lastly, note that we also remove a
Our heuristic resolves this choice by removing nonessen-non-essential variable with benefit 0 as long as it leads to a
tial nodes one by one in a greedy fashion based on a prioritysmaller cluster.
function that reflects the number of intermediate results from Figure 3 shows our algorithm which we call support set
which the nonessential variable is removed. minimization SSM based exact reachability analysis.
First, we compute thbenefitof removingeverysupport-
ing variable in a cluster under the assumption that the vari- procedur&sSM-traversal {(TF}, 1)

able is nonessential. Let's considerT® consisting ofn {R"}} = iterative-approximate-traversal Tf}, 1)
clusters,TR; to TR,, and a variable of clusterTR. If xis in {TR} = build-clusters ({TR})

the support set of any cluster whose index is larger than {C4 = build-clustered-DC R4, {R"}})
removingx from TR, will not improve the early quantification {TRJ = restrict (TR}, { C})

schedule (under the current cluster ordering). In other words, reorder (TRJ)

the number of intermediate results containingloes not {TR¢ = support-set-minimize ((R4, { Cid)
change and the benefit of removiris thus defined as 0. On reorder (TRJ)

the other hand, ik is not in the support set of any cluster with R standard-exact-traversallgd. |

index larger than, removingx from TR will allow x to be

quantified out earlier than specified by the original early Figure 3: Algorithm for SSM based exact FSM traversal
guantification schedule. More preciselyan now be quanti-

fied out immediately after the intermediate result is multi-

plied with the last cluster that hasin its support set (not



3.4. Applicability of Our Techniques to Existing
Exact Traversal Algorithms

A salient feature of ouapproximate reachable states based
TR minimization techniquis that it is applicable to most
existing TR-based exact reachability analysis algorithms.
We explain how to apply our techniques to minimize vari-
ous types of transition relations, i.e. monolithic TR, con-
junctive partitioned TR, and disjunctive partitioned TR, and
discuss their impacts.

The application of DC-based minimization to monolithic
TR is straightforward. The support set minimization is not
helpful in this case because no early quantification is used in
monolithic TR based traversal. Yet we can still expect per-
formance improvement due to the smaller TR size.

The conjunctive partitioned TR based traversal algo-
rithms form a major category in reachability analysis and
many state-of-the-art traversal algorithms [17, 18, 19] have
been developed. A common idea of these algorithms is to

extract subsets of the state sets that are representable wit

small BDDs and use the subsets as frontier sets. We ma
store the clusters on hard disk to better utilize main memory
but the functionality of TR is not modified. Therefore our
DC-based BDD minimization techniques can be applied to
conjunctive partitioned TR without any modification.

We also note that the method proposed by Touati et al. [5]
using an implicit conjunction o F’s to represent the TR
can also be improved using our techniques. They first multi-
ply the frontier set with eacfiF; and conjunct the results to
form the final results in a balanced binary tree fashion. Dur-
ing this process, they existentially quantify out all variables
from a partial product when all the BDDs that depend on the
variables are combined into the partial product. We can
derive the clustered-DC for each partial product and use it to
minimize the support set size of the partial product in order
to maximize the number of variables that we can existen-
tially quantify out.

Lastly, we consider Cabodi et al.'s work in which the dis-
junctive TR, originally introduced to model asynchronous
circuits [7], is extended to model synchronous circuits [20].
The basic idea is to represent the TR by theTiBIp, . . .
,TRP, implicitly disjuncted, i.e. TR = TRp;+. . . +TRp,,
with =~ p; = 1. During their reachable state computation,
existential quantification is performed independently for
each partitioned TR. Consequently, support set minimiza-
tion of each partitioned TR may not be useful. However,

used all default parameter setting provided by VIS including

image_cluster_size of 5000 and the clustering heuristic
described in [10] for both approximate and exact reachabil-
ity analysis. Dynamic variable ordering was enabled at all

times except during approximate reachability analysis.

Because different variable ordering typically leads to differ-

ent clusterings, dynamic variable ordering during iterative

approximate traversal can vyield better approximation

results. For these experiments, however, we disabled it so
that we can accurately estimate the contribution of BDD

minimization.

The results from approximate reachability analysis are
given in Table 1. We used Cho et al’'s MBM traversal [12]
as the standard approximate traversal algorithm. The col-
umnR* represents the percentage of approximate reachable
states over the entire state spaieje denotes the run-time
in CPU seconds, ard Iter reports the number of standard
approximate traversals our approach performed. In one

f;ase, we could not compute tRE fraction exactly because
yR+ was too large to build. In this case, denoted with a *, we

used an upper bound of the approximate reachable states
computed using the method described in [14]. The last col-
umn describes the improvement factor by showing the ratio
of the R" obtained by the standard approximate traversal
over theR" obtained by our iterative approximate traversal.
The results show that our iterative approach produces
significantly better results in terms of approximation quality

with minor run-time overhead (two times slower than stan-

dard traversal in the worst case). Note that the run-times for

the approximate traversals are still very small fractions of
the typical run-time needed for an exact traversal of a large

MBM Iterative

Circuit MBM /

R (%) | Time R (%) | Time | #lter | lterative
s1423 0.608 202 0.424 225 B 1.434
s3271 5.32 115 4.520 14p B 1.178
s3330 7.147 119 1.98e-3 140 4 3.61¢3
s4863 1.16e-3 49( 2.25e-4 548 4 5.147
s5378 4.31e-8 261 4.33e-9f 519 4 >10.00

Table 1. Comparison between standard and iterative
approximate traversals. (* indicates an upper bound)

Before we show the results from exact reachability analy-

since the size of each partition is still a major concern, our sis, we report the size of TR and the number of current state
DC-based minimization technique can still improve its per- variables from the TR used in each traversal in Table 2. The
formance. columnVISrepresents the standard exact traversal and SSM
4. Experimental Results represents our new traversal using bastrictand our sup-

) ) _ ~ port set minimization heuristic. The parenthesized number
We incorporated the new techniques into VIS-1.2 [10] using shows the data from the traversal usiesgrict only

Long's BDD package [21]. We conducted experiments on  The results show that the TRs used in SSM are signifi-

the reachability analysis of ISCAS 89 and ISCAS-Adden- cantly smaller in size and have fewer current state variables
dum 93 benchmark circuits using a SUN UltraSPARC with than the TRs used in the standard traversal. The reduction of
168MHz clock. The data-size limit was set to 128Mb. We ¢yrent state variables is largest for the three biggest exam-



ples whose DC fractions are much higher than those for the5, Conclusion

smaller examples. In this paper, we have presented techniques to improve

approximate and exact reachability analysis using DCs. The

TR Size # Current State Vars basis of the techniques is that approximated reachable states
Circuit can be used as DCs to simplify the state transition representa-
VIS SSM (restrict only VI§  SSM (restrictonly)  tion of the FSM to be analyzed.

s1423 20,039 12,277  (12,277) 237 235 (239 We have demonstrated the effectiveness of the techniques
$3271 14,305 11,654 (11,654) 282 247 (247) on a standard reachability analysis framework. The experi-
s3330|| 18009 19353 (17,797) 147 162 167 ~ mental results show that, compared to the traditional

54863 || 125206 35001 (3534d) 548 395 @) ap_p_roach, our technl_ques can significantly reduce the reach-
ability analysis run-time for large FSMs and explore more

s5378 || 43,987 19,141 (18,131) 397 347 G states

Table 2: Comparison of TRs used in each traversal Because our approach is orthogonal to most existing
method. reachability analysis algorithms, our new techniques can fur-

ther improve the capability of recently proposed reachability
The results from exact reachability analysis are given in analysis algorithms.
Table 3. The column denotétlLevelreports the number of
iterations and symbol indicates the entire traversal success- Acknowledgments
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