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Abstract—We present an algorithm to find an over-
approximation of the set of reachable states in a finite state State Space
machine. The algorithm works by inductively proving implica- A—B

tions of the form a = b between pairs of nodes in the logic % cD
network. Because each implication proved is guaranteed to hold A -
in every reachable state, the conjunction of the implications ~' Reachable Approximation

forms an over-approximation of the reachable state set. This
over-approximation becomes tighter as more implications are
proved, providing the user with a runtime vs. quality trade-off.
Experimental results show that this method can find a tight-
enough reachable state space approximation to enable circuit
optimization, even for very large problems.

Reachable State Space

Fig. 1.  The implicationsA = B and C' = D each contain the reachable
state space, and their product gives us an over-approximation of the reachable

. INTRODUCTION state set.
Given a finite state machine, one is often interested in
finding the subset of states that are reachable from a fixed S _ ' .
initial state. There are several applications in the fields §fmultaneously, rejecting implications that fail our inductive
synthesis and verification for which knowledge about tHeypothesis as we iterate. When a fixed point is reached, the
reachable state set is invaluable. Some of these are: remaining implications hold in every reachable state. Since the
reachable state set is contained in the space of states for which
reachable states as external don’t cares. This effectivél ch implication holds, the conjunction of the implications
modifies the circuit in states that are known to be urP esents an over-approximation to the reachable state set. For
reachable an example of this, please see Figife 1.
Sequential redundanciescan be found and eliminated. It is . Our approach has the propert_y th{f‘t every additional implica-
known that in general there are wires that appear redL}ho-n proved tightens the approximation to the set of reachable
. siig?tes. Therefore the computation can be terminated after
dant under all reachable states but may be irredundant’in ~~" . . O .
an unreachable state. proving inductively any new subset of |mpllc_:at|ons_and still
Formal Verification, either sequential equivalence checkinﬁ_l"’we a usable, conservative over-approximation. This property
akes our method more robust than BDD-based approaches

or property checking, can be made more efficient by, . . .
L L éﬂch must always run to completion before their results are
reducing its search space to an over-approximation of tsafe for Use

set of reachable states.

Conventional reachability analysis is practical only for small Il. RELATED WORK
designs. It explores the state space in a breadth-first manneBeveral authors have suggested ways to approximate reach-
starting from the initial state, and traditionally binary decisioability analysis. Most traditional ways simplify BDD-based
diagrams (BDDs) are used to represent the set of states tieaichability analysis. Ravi [2] proposed a method to simply
have been visited. While this approach is very fast when run ¢me BDD representing the set of reachable states during the
small designs, it is subject to the BDD blowup problem whicprogression of the reachability algorithm. Several others [1],
results in failure to terminate on designs of more than 1(4], [5] have proposed methods to partition the state transition
or so latches. This approach is not rugged, and this preverdgtation before it is converted to a BDD. These methods
its use in industry. The potential benefits from knowing theesult in a BDD-based implementation that scales better yet
reachable state set motivate us to explore a method to do stii¢ suffers from the fundamental BDD-blowup problem. Our
reachability that is faster and more reliable for large designsiethod is based on Boolean satisfiability (SAT), and this

In this work we propose a fast method to over-approximaghould allow it to scale better than an optimized BDD-based
the set of reachable states. Given two nodesnd b in  method.
the network, we can inductively prove that=- b in every McMillan [6] presents a novel way to use lengthclauses
reachable state. We prove a large candidate set of implicatid@asapproximate don’t care sets and accelerate don't care

Combinational optimization may be performed using un-



computation in combinational circuits. Here we find impli€ircuit configuration, and the second represents every state
cations between nodes which are essentially 2-literal clauseachable in one step. We use the notation to indicate

in sequential circuits. We are specifically interested in findirtpat the argument implication holds in theth frame.
implications that hold in every reachable state, and this allowsThe base case of the proof step involves checking that
us to use a simpler inductive proof technique rather thahne following expression holds in the initial state and for all
McMillan’s trie quantification approximation. primary inputs.

Van Eijk [7] proposed an inductive technique to discover
equivalent nodes between two similar designs. He proposed
this as a way to speed up sequential equivalence checking.
Bjesse [8] presented a way to improve van Eijk's resulSuppose(d = e), does not hold. This says that there is a
by strengthening the inductive hypothesis. In this work wstate reachable in one step from the initial state for which this
improve on van Eijk's and Bjesse’s methods by focusing dmplication does not hold. Remové=-e from the candidate
synthesis, a domain where finding many equivalent nodgst of implications.
would be rare but implications may be abundant. We tailor In the inductive step, we make no assumptions about the
our data structures and SAT methods for implications, and wtate of the first frame, i.e. we let all latches and primary
provide a framework to trade runtime for quality of results. inputs be free variables. We then check

(a:>b)1 A (a:>b)2 A (b:>C)1 A (b:>C)2/\
(c=d)1 AN (c=d)2 A (d=e)1 A (d=e)2

I1l. FINDING IMPLICATIONS TO APPROXIMATE THE (a=b)1 A (b=c)1 A(c=>d)1=(a=D)a A (b=c)2 A(c=d)2

REACHABLE STATE SET Suppose we find a set of inputs such that the left hand

Our method can be most briefly described with the followside holds, andc = d), does not hold. The left hand side

ing pseudocode: characterizes our current approximation to the set of reachable
states. The above then says that in a state that we currently
chose an initial candidate implication window; estimate to be reachable, there is a next state wherd does
while (!timeQUé) el {h not hold. Therefore: =- d does not hold in every reachable
prove inductively that . . . . .
a subset of the candidate implications hold state, and we _rem(_)ve_lt from our_candldate set of implications.
in every reachable state; If no other implications are disproved then we know that
widen the candidate implication window; {a=b,b=c,c=-d} hold in every reachable state.
construct the reachable state space approximation; B. Window Proof Technique

We use a windowing technique to limit the number of
The details of how we prove candidate implications, how weandidate implications being proved at any one time and to
track implications in the current working set, how we usprovide a hierarchical technique that gives an ever tightening
candidate windowing and timeouts, and how we build theachable state set approximation.
reachable state set over-approximation follow below. The set of candidate implications is pruned until every
implication in the set holds in all reachable states. Until this
fixed point is reached, we cannot say that the conjunction of
Suppose we have a set of candidate implicatidns= the implications gives an over-approximation to the reachable
{(a,b) | a=b}. We use an inductive technique calléestep state set. It is desirable to be able to terminate early with useful
induction to prove that a subset bfholds in every reachable partial results, and so we use an ever widening window. At
state. each step, the candidate implications in the window are pruned
In the base case we examine all states reachalll®mess until a fixed point is reached for that window. Then the window
transitions from the initial state. We keep only those elementswidened and a proof of a new set of implications begins
of I which hold in these states. anew. At any point, the algorithm can be interrupted, and we
The inductive hypothesis is that if an implication holds foknow that all implications proved up to this point are valid.
a sequence of consecutive states, then it should also hold in The implications in the fixed point of each window hold
every next state reachable from the last state in the sequemgesvery reachable state and so will continue to hold once
Again, we discard all members éfwhich fail to hold in this the candidate implication window is widened. Therefore these
context. implications are assumed to hold in the next windowing step,
At the end of the procedure, we have refinedo exactly and this helps to speed up the next proof by reducing its
those implications which hold in every reachable state, and wstimate of the reachable state set and tightening the left hand
have proved this by induction rather than reachability analyside of the inductive hypothesis. Implications which fail to
As an example, suppoge= 2 and the candidate implication hold in a particular window must be considered as candidates
setisl = {a=b,b=c,c=d,d= ¢} wherea, b, ¢, d, ande in the next window iteration since we may learn more about
are nodes in the network. the reachable state space in the next window, and this new
We unroll the circuitc = 2 times by adjoining 2 consecutiveinformation may cause a previously false implication to now
transition relations. The first frame represents an arbitraappear true.

A. Proving a Set of Implications
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Fig. 2. Our hierarchical proof technique.

Fig. 3. An example directed graph and its transitive reduction.

For an example of this technique, see Figyre 2. Here we start
with an initial window W and a set of candidate implications. _ . . .
We prune this set until we reach a fixed point, and then viRath. Aho et. al. [9] use this concept in the following definition:
widen the window toW + A. This increases the candidate Definition 1 (Transitive Reduction)Given a directed graph
implication set, and we must again apply our inductive proéf: the transitive reduction() is a directed graph satisfying
technique to prune the candidate set to only those implicaticf§ following properties:
that hold in all reachable states. If we are interrupted at anyl) The vertex set of5 is equal to the vertex set of ().
time during this proof of thé/ + A implications, we can 2) There is a directed path from vertexto vertexv in G
return the fixed point reached using only tHé candidates. if and only if there is a directed path from to v in

An open problem is how to best choose the candidate impli-  7(G).
cation window. This depends heavily on the target application3) There is no graph with fewer edges theidr) satisfying
for which reachability analysis is being applied. For reacha-  the above conditions.
bility used in conjunction with combinational optimization, a Aho shows that the transitive reduction of a directed acyclic
random candidate window seems to work best. For propegyaph is unique. In the case of a cyclic graph, one must
verification, we want to show that a set of bad states figd all strongly connected components, join the nodes in the
unreachable. In this context, it makes sense to choose @mmponent by a single cycle, and then use one member of
window such that only implications that fail to hold in atthe cycle as a representative. The graph of all representatives
least one bad state are considered. If we are successfulsirknown as thecondensed graphlt is acyclic and can
proving an implication the state space over-approximation, the reduced uniquely. Therefore the transitive reduction of a
conjunction of the implications (Sectign TMM}D), will evaluategeneral directed graph is unique in cardinality.
to 0 on a set of bad states. This tells us that these bad stateAn example of transitive reduction is shown in Figlije 3.

are unreachable. To reduce the top graph, the strongly connected components
o are identified a§ A, B, C'} and{D, E, F'}. Each component is
C. The Implication Graph replaced by a simple cycle joining all nodes in the component.

Throughout our algorithm, we must maintain the set o8 and £ are designated as the component representatives in
candidate implications. These implications can be thought & condensed graph. The condensed graph is acyclic, and its
as forming a directed graph. The nodes of the graph are fhensitive reduction can be found by greedily removing edges
nodes of the original logic network, and each edge represents- v for which there exists an alternateetiucing path from
one implication. u to v. This produces the transitively reduced bottom graph

There is a graph theoretic procedure that can minimize diirthe figure. Note that in general the edge set of the reduced
implication graph. This minimization allows us to dramaticall@raph is not a subset of the edge set of the original graph. The
compress our candidate set of implications. In practice, weader can verify that the graph shown does indeed satisfy the
observe that by paying the overhead to compress the gra@@finition of a transitive reduction.
the candidate implication set can be reduced to less than 5%n this application, we require two graph algorithms. Given
of its original size. This dramatically speeds up our overadl transitively reduced graph, the transitive reduction must be
algorithm. maintained under the following operations:

The key property is transitivity. Is = b and b = ¢ then Vertex addition. When the candidate implication window is
necessarilya = c¢. Hencea = ¢ need not be stored. On an widened, vertices and their associated edges must be
implication graph, this reduction is equivalent to removing any added to the graph. We must avoid adding redundant
implication z =y if y is reachable fromx on some alternate edges. Also, reducing paths for some pre-existing edges



may be introduced. These must be efficiently identified/hen our method reports that more states are reachable than
and removed. the exact method reports, then the difference is the reachable
Edge deletion. When we refine our candidate implication setstate space over-approximation. It is interesting to note that
we remove implications that we know don't hold in everpur approximation is not always tight, but it does manage
reachable state. This requires us to remove an edge fraomfind a reachable state space approximation even for large
the implication graph. There are in general a number designs where BDD-based techniques fail. Furthermore, it
edges not represented in the transitive reduction becatisels approximations even given short time limits. Our method
they are redundant, but removing a single edge maymuch more rugged than the BDD based method in the sense
make the edges now irredundant. These edges mustthat it is able to process very large designs, and it is able to
identified and placed back into the graph. For examplénd results quickly.
if a=b=-c thena=-c is a redundant edge that will not Table [T] illustrates the power of using implications to
be present in the graph. However, if we reméve c is approximate the set of reachable states, and it also shows
removed theru = ¢ must be explicitly added back intoa way to strengthen our results. In this work, the reachable
the graph. In this way removing an edge from a transitivitate set is approximated by those states which satisfy a
reduction may increase the size of the graph. conjunction of implications. It is not obvious that such a

The graph algorithms implemented in this work are polyconjunction could ever completely characterize the reachable
nomial in time complexity and dramatically reduce the size ¢fate set. Furthermore, we only consider implications between
the implication graph. There is a runtime penalty that must @des pre-existing in the design. A design may lack nodes

paid in order to always maintain the transitive reduction, bgenducive to implications, and this may limit our method.
in practice this is well worth the effort. To test the effectiveness of using implications, we found the

o o exact set of reachable states for the small benchmarks and then
D. Building the Reachable State Space Approximation  rgjected this set onto the set expressible as a conjunction of
If P is the set of primary inputs to the logic network ahd implications. If we have an expressidd such thatR = 1 iff
is the set of proved implications then the over-approximatiahe current state is reachable then we can prajgcnto the
to the set of reachable states is given by: set expressible with implications by finding:

YV = N\ (a=b) A fa=b ]| (R=(a=b)) = 1}
zeP (a=b)el . . . .
The states that satisfy this expression give an over-

Because every implication holds in all reachable states, Wg,qyimation of the reachable state set that is the tightest
may safely universally quantify out all primary inputs fromyjqyeq by a conjunction of implications. Tatjlé Il shows this
every implication to get an equivalent expression that holds jifl.5| |ower bound. One could consider the difference between
every reachable state. Taking the conjunction of expressiqlg yyojected reachability and exact reachability to be the over-
that hold in reachable states y_|elds a product _that alsp hOIdSa‘ﬁbroximating bias that all implication-based methods must
every reachable state, and this product provides a tighter §bye The table illustrates how close our method comes to
proximation to the reachable states than any of its constitueniss fundamental lower bound on the over-approximation.

We move the universal quantification outside of the prOdUCtTabIe['_ﬂ also shows the effect of increasing the parameter
for convenience. in “k-step induction” (Sectiop TlI-A). There is a danger in the

In _prac_tlce this quantification is expensive, but _'t 'S,Om%-step induction that the SAT solver may find an unreachable
required if one wants to express the over-approximation i..rr sich that:

terms of the latches. Another way is to simply assert the proved A scular implication holds i bf
implications as additional SAT clauses an application. Hence,* particuiar impfication holds in-a sequence brun-

there is no need to project the implications onto the latch reachablg stgtes s_tartlng from
space. o The implication fails to hold in a next state reachable

from the k'th state.
IV. EXPERIMENTAL RESULTS « The implication is otherwise true.

Our reachability over-approximation algorithm was impleThus the inductive hypothesis can spuriously disprove impli-
mented in the ABC [16] logic optimization and verificationcations that may hold in every reachable state. Increasing the
framework, and utilizes the SAT solver MiniSat 1.14 [18]. value ofk strengthens the inductive hypothesis by decreasing

Table[] compares the performance of our algorithm agairtsie probability that such bad states exists. Therefore we
a BDD-based reachability algorithm implemented in MVSI®xpect our results to get better &sincreases. In Tablg]ll
[17]. The ISCAS89 benchmarks were run through both syge show the results for increasini In most cases the
tems on a 3 GHz Pentium 4 machine. The BDD method waser-approximation gets tighter, and the over-approximation is
given a time limit of 1 hour, and our method was given a timalways lower bounded by the projection of the exact reachable
limit of 2 minutes. The last two columns in the table showtate set onto the implication space.
the percentage of states that are estimated to be reachabl@able[T] also illustrates the disadvantage of increasing
as a percentage of the total state spaZe for n latches). The size of the SAT problem increases fasncreases, and



TABLE |
RUNTIME AND QUALITY OF RESULTS COMPARISON BETWEENBDD-BASED REACHABILITY AND OUR METHOD.

Circuit Statisticd Runtime (sec) Reachable States (%)
Benchmark | Levels Latches Nodes Exact Reach. Approx. Reach. Exact Reach.  Approx. Reach.
s27.blif 5 3 8 0.07 0.40 75.00 75.00
s208.blif 9 8 71 0.10 1.59 100.00 100.00
$298.blif 9 14 100 0.13 2.21 1.33 3.10
s344.blif 13 15 104 0.18 1.34 8.01 70.73
s$349.blif 13 15 104 0.20 1.57 8.01 70.73
s382.blif 12 21 132 0.14 56.93 0.42 6.71
s400.blif 13 21 139 0.18 62.51 0.42 6.71
s444.blif 14 21 143 0.22 72.38 0.42 6.66
s641.blif 25 19 146 0.39 21.70 0.29 0.42
s713.blif 25 19 149 0.44 29.20 0.29 0.42
s420.blif 11 16 157 1.76 125.06 100.00 100.00
$386.blif 10 6 166 0.08 35.69 20.31 20.31
s526n.blif 9 21 185 0.24 121.32 0.42 5.88
s526.blif 9 21 186 0.17 121.45 0.42 5.50
s510.blif 11 6 213 0.11 10.37 73.44 73.44
s820.blif 14 5 331 0.12 129.17 78.12 78.12
$838.hlif 15 32 333 3599.51 127.97, - 100.00
s832.blif 14 5 343 0.10 130.71 78.12 78.12
$1423.blif 54 74 459 3605.45 129.16 - 37.61
$1196.blif 19 18 477 0.37 49.53 1.00 56.84
s1238.blif 21 18 525 0.39 67.29 1.00 56.84
$1488.blif 15 6 662 0.13 130.98 75.00 75.00
$1494.blif 15 6 671 0.13 132.77 75.00 75.00
s5378.blif 17 164 1299 3599.65 128.67, - -2
$9234.blif 32 211 1791 3599.75 130.58 - 70.19
s13207.1.blif 33 638 2621 3599.66 141.88 - -2
$13207.blif 34 669 2621 3599.82 131.91 - 18.76
$15850.blif 45 597 3357 3599.63 130.52 - 0.31
s$38417.blif 31 1636 9063 3599.70 142.85 - 99.90
$38584.blif 36 1452 11644 3599.76 143.06 - 99.99

1 Numbers reported after some combinational preprocessing.
2 We use a BDD-based method to count the number of reachable states. Our method succeeded here, but we were
unable to build the BDD for what was computed.

TABLE ||
COMPARING k-STEPINDUCTION RESULTSTO THE IDEAL IMPLICATION RESULTS
Circuit Statistics Exact Reachability Projectioh | Approximate Reachability, Sweepirig 2

Benchmark| Levels Latches Nodes Exact Reach. Projected to Imps. k=1 k=2 k=3

s27.blif 5 3 8 75.00 75.00 75.00 75.00 75.00
s208.blif 9 8 71 100.00 100.00| 100.00 100.00 100.00
$298.blif 9 14 100 1.33 3.05 3.10 3.10 3.10
s344.blif 13 15 104 8.01 70.53| 70.73 70.73 70.73
$349.blif 13 15 104 8.01 70.53| 70.73 70.73 70.73
$382.blif 12 21 132 0.42 1.47 6.71 6.71 6.71
s400.blif 13 21 139 0.42 1.47 6.71 6.71 6.71
s444 blif 14 21 143 0.42 151 6.66 6.66 6.66
s641.blif 25 19 146 0.29 0.42 0.42 0.42 0.42
s713.blif 25 19 149 0.29 0.47 0.42 0.42 0.42
s420.blif 11 16 157 100.00 100.00| 100.00 100.00 100.00
$386.blif 10 6 166 20.31 20.31| 20.31 20.31 20.31
s526n.blif 9 21 185 0.42 1.44 5.88 6.62 9.08
s526.blif 9 21 186 0.42 1.44 5.50 5.51 5.51
s510.blif 11 6 213 73.44 73.44| 73.44 73.44 73.44
$820.blif 14 5 331 78.12 78.12| 78.12 81.25 81.25
$832.blif 14 5 343 78.12 78.12| 78.12 78.12 78.12
$1423.blif 54 74 459 - - 37.61 37.13 26.48
$1196.blif 19 18 477 1.00 15.62| 56.84 56.84 56.84
$1238.blif 21 18 525 1.00 15.62| 56.84 56.84 56.84
51488.blif 15 6 662 75.00 75.00| 75.00 75.00 75.00
51494 .blif 15 6 671 75.00 75.00| 75.00 75.00 75.00
$9234.blif 32 211 1791 - - 70.19 17.54 7.57
$13207.blif 34 669 2621 - - 18.76 0.00 0.00
s15850.blif 45 597 3357 - - 0.31 0.34 0.13
$38417.blif 31 1636 9063 - - 99.90 71.38 71.88
$38584.blif 36 1452 11644 - - 99.99 43.75 99.99

L All numbers reported as the percentage of states reachable relafieviberen is the number of latches in the design.
2 The runtime of our method was limited to 2 minutes.



so the algorithm slows down. Under a time limit this cathe longer it is allowed to run, the more implications it will
cause less implications to be proved, and may actually degrdihel. The corresponding over-approximation of the reachable
the performance. We observe that the benefit obtained &tate space will then be tighter. This runtime versus quality
increasingk above 1 is negligible, and so for all results othetrade-off is what makes may make this technique useful in
than Tabldl we fixk = 1. practice.

In Table [, we varied the maximum processing time We believe this method presents a promising alternative to
allowed in our implementation. As we increase the processiBD-based explicit state reachability.
time the candidate window of implications can grow larger.
Thus more implications will be found, and a tighter approxi-
mation of the reachable state set will be obtained. The talblé C. Hygnwoo and E. Macii and B. Plessier and F. Somenzi and G. Hachtel,
illustrates this principle in action. Our method has a runtime Fﬁ)'gi%gt:m fgi\gf’rl’;%’gmate FSM traversal based on state space decom-

versus quality trade-off and in this way gives the user morg K. Ravi and K. McMillan and T. Shiple and F. Somenzi, “Approximation
control. and Decomposition of Binary Decision Diagrams,”DAC, 1998.

. . . K. Ravi and F. Somenzi, “High-density reachability analysis,JQCAD,
In the introduction we mention that the reachable stat Digest of Technical Paperdov. 1995. Pages 154-158

information can be used by a combinational optimizer by 1.H. Moon and J.Y. Jang and G.D. Hachtel and F.Somenzi and J. Yuan
feeding the optimizer the unreachable states as external don’tand C. Pixley, “Approximate Reachability Don't Cares for CTL model
cares (EXDCS). In Tabl@]\/, we used two sets of unreachable gggckmg, inICCAD, Digest of Technical Paperblov. 1998. Pages 351-
states in this optimization. One is the exact set obtained frgsp J.R. Burch and E.M. Clarke and D.E. Long and K.L. McMillan and
the BDD-based implementation, and the other is obtained by D.L.Dill, “Symbolic model checking for sequential circuit verification,”

running our algorithm for 2 minutes withk = 1. Table[T] ?raﬁggl‘t)igfsr'ﬁgfgﬁggnP‘gggg?gfigzlcwcu'ts and Systems, IEEE
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reachable state space. This means that while in some cases
our over-approximation was not so tight, it contained enough
information to enable logic optimization.

V. CONCLUSION

We have presented a method to compute an over-
approximation of the reachable state set. The method works
by inductively proving that implications between nodes in the
design hold in every reachable state. It does this using highly
tuned data structures and SAT routines. It has the property that



TABLE Il

COMPARISON OF THE QUALITY OF RESULTS OVER TIME

Circuit Statistics % Reachable After a Fixed Amount of Processing Time
Benchmark | Levels Latches Nodes 20sec 40sec 60sec 80sec 100sec 120 sec
s27.blif 5 3 8 75.00 75.00 75.00 75.00 75.00 75.00
s208.blif 9 8 71| 100.00 100.00 100.00 100.00 100.00 100.00
s298.blif 9 14 100 3.10 3.10 3.10 3.10 3.10 3.10
s344.blif 13 15 104| 70.73 70.73 70.73 70.73 70.73 70.73
$349.blif 13 15 104| 70.73 70.73 70.73 70.73 70.73 70.73
$382.blif 12 21 132| 15.87 6.73 6.71 6.71 6.71 6.71
s400.blif 13 21 139 6.71 6.71 6.71 6.71 6.71 6.71
s444 blif 14 21 143| 14.00 6.96 6.96 6.66 6.66 6.66
s641.blif 25 19 146 0.42 0.42 0.42 0.42 0.42 0.42
s713.blif 25 19 149 0.42 0.42 0.42 0.42 0.42 0.42
s420.blif 11 16 157| 100.00 100.00 100.00 100.00 100.00 100.00
s386.blif 10 6 166 | 20.31 20.31 20.31 20.31 20.31 20.31
s526n.blif 9 21 185| 21.42 23.46 9.08 9.08 5.88 5.88
s526.blif 9 21 186 | 24.17 20.75 9.34 9.34 5.50 5.50
s510.blif 11 6 213 | 73.44 73.44 73.44 73.44 73.44 73.44
$820.blif 14 5 331| 81.25 81.25 81.25 81.25 78.12 78.12
s838.blif 15 32 333| 100.00 100.00 100.00 100.00 100.00 100.00
s832.blif 14 5 343 | 84.38 81.25 81.25 78.12 78.12 78.12
$1423.blif 54 74 459 | 32.58 35.88 40.09 37.13 37.61 37.61
$1196.blif 19 18 477| 56.84 56.84 56.84 56.84 56.84 56.84
s1238.blif 21 18 525| 58.79 56.84 56.84 56.84 56.84 56.84
$1488.blif 15 6 662 | 75.00 75.00 75.00 75.00 75.00 75.00
$1494.blif 15 6 671| 85.94 75.00 75.00 75.00 75.00 75.00
$9234.blif 32 211 1791| 95.91 99.98 99.98 70.15 70.15 70.19
$13207.1.blif 33 638 2621| 99.26 97.83 98.65 98.65 98.46 -
$13207.blif 34 669 2621 2.01 0.58 0.24 18.76 18.76 18.76
s15850.blif 45 597 3357 6.96 2.88 2.88 0.29 0.29 0.31
$38417.blif 31 1636 9063| 100.00 100.00 78.09 100.00 78.09 99.90
$38584.blif 36 1452  11644| 50.00 50.00 50.00 50.00 50.00 99.99
TABLE IV
USING THE STATE REACHABILITY INFORMATION IN COMBINATIONAL OPTIMIZATION .
Design Being Optimized Sequential Optimizatior

Benchmark Latches Nodes Combinational Opt.| Approx. Reach| Exact Reach.

s27.blif 3 9 7 7 7

s208.blif 8 78 53 53 53

$298.blif 14 106 80 61 61

s344 blif 15 121 98 95 95

$349.blif 15 121 98 95 95

$382.blif 21 140 101 91 91

s400.blif 21 147 101 91 91

s444 blif 21 151 99 89 89

s641.blif 19 172 121 96 96

s713.blif 19 175 123 97 97

s420.blif 16 170 113 113 113

$386.blif 6 169 120 86 86

s526n.blif 21 194 123 85 85

s526.blif 21 195 125 86 86

s510.blif 6 225 207 207 207

s820.blif 5 335 242 237 237

$838.blif 32 358 208 208 -

s832.blif 5 347 247 235 235

s1423.blif 74 466 436 430 -

$1196.blif 18 497 443 443 -

s1238.blif 18 545 447 447 -

$1488.blif 6 674 568 543 543

$1494.blif 6 683 571 551 551

s9234.blif 211 2006 1306 1306 -

$13207.blif 669 3283 2014 1949 -

s15850.blif 597 3843 2670 2529 -

$38417.blif 1636 9696 -2 -2 -2

$38584.blif 1452 13242 9823 9821 -

1In each sequential optimization scenario, we optimize starting from the initial design, not
from the combinationally optimized design.
2 The optimization uses MVSIS’s “mfs” command which is BDD-based. The BDDs blew up
on these designs.



	Introduction
	Related Work
	Finding Implications to Approximate the Reachable State Set
	Proving a Set of Implications
	Window Proof Technique
	The Implication Graph
	Building the Reachable State Space Approximation

	Experimental Results
	Conclusion
	References

