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2Technical Report 1999-TR@CBL-03-Ghosh (September 1999)Graph Mutants based on Characteristic Spanning Trees:Experimental Design of Heuristics for NP-Hard ProblemsDebabrata Ghosh Franc Brglez Matthias StallmannDept. of Computer Science, Box 8206NC State University, Raleigh, NC 27695, USAhttp://www.cbl.ncsu.edu/experiments/Abstract { This paper introduces a comprehensiveapproach to the generation of random instances ofgraphs relevant to NP-hard problems in circuit de-sign. Good experimental design technique dictatesthat treatments (heuristics) be applied to a class ofexperimental subjects (graphs, circuits) that shareclearly identifyable common characteristics. Rele-vance is achieved only if these characteristics relateto the performance of heuristics on real circuits. Wedemonstrate that a characteristic spanning tree classof a reference graph can be used to generate ran-dom graphs whose behavior w.r.t. various treatmentsis like that of the reference graph. Results for bothcrossing number and hypergraph partitioning are dis-cussed.Keywords: graph equivalence classes, benchmark-ing, crossing number, graph partitioning, experimen-tal design of heuristics for NP-hard problems.I. IntroductionPolynomial-time heuristics, devised to solve NP-hardproblems, generally provide no guarantee as to theoptimality of the solution. Changing the startingpoint for the problem instance can induce unpre-dictable variability of results when experiments arerepeated. To systematically study the behavior ofsuch heuristics, we advocate the fundamental princi-ples of experimental design, randomization, replica-tion, and organization to reduce error, �rst formal-ized by R. A. Fisher in the 1920s for analyzing prob-lems in agriculture and medicine [1]. The number ofbooks on the subject of experimental design todayis overwhelming. In this work, we adapt the modelsand the methods from [2].An experimental design involves three basic steps:(1) selection of an equivalence class of experimen-tal subjects, eligible for treatments, (2) applicationof one or more treatment to the same class, and (3)statistical evaluation of each treatment e�ectiveness.In the context of experimental evaluation of graph-

based algorithms, these principles are embodied inthe creation of a graph equivalence classes, and rep-etition of the experiments for each member in theclass. In our work, we consider `treatments' as algo-rithms applied to such equivalence classes.The traditional approach to comparing the per-formance of two or more algorithms relies on graphequivalence classes which are generated as randominstances under relatively loose constraints, e.g. therandom graphs used to evaluate partitioning, color-ing, and TSP algorithms in [3, 4, 5], the generators inStanford GraphBase [6] used to evaluate the crossingnumber minimization algorithms [7], etc.The exclusive use of random graphs to compare theperformance of algorithms has drawbacks: we mayfail to detect the di�erence in performance of two al-gorithms when one exists; we may bias the design ofan algorithm for data sets that will seldom if everbe encountered in applications where a speci�c costfunction minimization is truly important. For ex-ample, a placement algorithm optimized for a classof random graphs may not necessarily do as gooda placement and wire crossing minimization of rel-atively sparsely interconnected modules arising in acomplex VLSI circuit design. On the other hand, theproblem of generating equivalence classes of graphsthat are representative of graphs representing realis-tic design cases is hard, and is only beginning to beaddressed [8, 9, 10, 11, 12, 13, 14, 15].The graph classes considered in this paper areabstractions of design- and domain-speci�c netlists,i.e. directed hypergraphs. Two netlists, one repre-senting a multiplier-like device, the other a speci�ccontroller device, may have the same number of in-puts/outputs, the same number, the same size, andthe same distributions of cell nodes, and nets (hyper-edges), and yet they may di�er signi�cantly in thelayout area and total wire length and wire crossingafter embedding onto a plane and routing all netsunder technology-speci�c design rules. The equiv-



alence class of all netlists with the same I/O, cellsand net distributions, while also including instancesof random graphs, is clearly too broad for evaluatingthe performance of any placement and routing algo-rithms. In this paper we examine and propose solu-tions to two related problems: (1) how to evaluatedi�erences between two or more equivalence classes,and (2) how to generate an equivalence class thatwill retain the most important characteristics of aspeci�c reference netlist such as one representing amultiplier-like device, a controller device, etc.As a reference point for other graph classes (andrepresenting a counterpoint to unconstrained randomclasses) is isomorphism class of a speci�c graph, de-�ned more precisely later, but essentially the samegraph presented as input in di�erent orders and withdi�erent labels.The paper is organized into several sections as fol-lows:� Background and Motivation, introducing experi-mental design methodology, adopting three algo-rithms as treatments, and sampling three populationsof netlist equivalence classes, each derived from a sin-gle instance of a known reference netlist;� Bigraph Characterization, introducing experimen-tal design to characterize di�erences in 2-layer (i.e.bipartite) graphs with the same number of edges andnodes at each layer;� Bigraph Equivalence Class Synthesis, introducing anew class of bigraph mutants that are di�erent butsimilar to isomorphism class of its reference bigraph;� Netlist Equivalence Class Synthesis, introducinga new class of netlist mutants that are di�erentbut similar to the isomorphism class of its referencenetlist;� Experimental Results, demonstrating the e�ective-ness of the proposed solution to the problem illus-trated in Figure 1, along with tabulated results forother known di�cult cases of generating equivalenceclasses of netlists that retain a demonstrated degreeof similarity to the respective isomorphism class ofthe reference netlist.� Conclusions, summarizing the current status andoutlining possibilities for future work.II. Background and MotivationWe use experimental design methodology to illustratekey issues that arise when evaluating the relative per-formance of two or more algorithms (treatments) us-ing two or more equivalence classes.The three treatments correspond to repeated exe-cutions and evaluations of three algorithms: two al-

gorithms implement balanced netlist bi-partitioningheuristics [17, 18], and one deals with rank-order di-rected graph placement [19]. The three equivalenceclasses are the isomorphism class as de�ned in [15],the class of clones [11], and the class of mutants[13, 16].Brie
y, we create the netlist isomorphism classNisoas follows: (1) take a reference netlist represented asa hypergraph Gr(V;E), (2) apply, uniformly to allnodes in Gr, a random re-order, and random re-labelprocedure rr(V ):Niso = fNj 2 Gr(rr(V ); E)g (1)Relative to all other instances in Niso, each instanceNj has the following properties:P1: the order of nodes in Nj is uniformly random;P2: the labels of nodes in Nj are uniformlyrandom.Properties (P1, P2) are essential to good experi-mental design and must be maintained universallyfor all equivalence classes, not just the isomorphismclass. The purpose of P1 is clear. Without P2, pro-grams that rely on hashing input data may unknow-ingly undo the randomization of input presentationsand thus confound the experiments. No assumptionsshould be made on how and whether an algorithmchanges the order of the input data read into mem-ory: important lessons about the consequences ofmaking such assumptions have been learned and arereported in [20]. We shall further underscore the im-portance of this class with the experimental resultsthat will be discussed later in this and subsequentsections.The class of clones [11] relies on a speci�c netlistcharacterization which must be satis�ed to form anequivalence class of related `clone circuits'. The classof mutants [13, 16] di�ers from the class of clonesby way of the netlist characterization and the con-straints that must be satis�ed when generating a `mu-tant circuit'.Nominally, each instance of a netlist from anyequivalence class is related to a reference netlist thatmay typically represent an application-speci�c designrather than a netlist generated randomly. An ex-ample of a small reference netlist (c432) is shown inFigure 1-a; it is based on a 36-input/7-output logiccircuit with 179 2-input cell nodes distributed over24 logic levels. This netlist implements the functionof a priority decoder and is one of the smallest thathave been used as a netlist benchmark since 1985 [21].The netlist has been converted to a k-partite canoni-cal graph form and drawn with the dot program [19].3



(a) A small reference netlist (C432), drawn in a canonical graph form.
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� The canonical graph form isa k-partite graph induced by anetlist (a hypergraph) as de�nedin [13, 16].� Shaded/unshaded nodes be-long to balanced bi-partitionsconnected by 11 nets (hyper-edges).
(b) Results summary of an experimental design based on three treatments and three equivalence classes ofnetlists.The three treatments correspond to repeated executions and evaluations of three algorithms: two algorithms implementbalanced netlist bi-partitioning heuristics [17, 18], and one deals with rank-order directed graph placement [19]. Thethree equivalence classes are the isomorphism class as de�ned in [15], the class of clones [11], and the class of mutants[13, 16]. This summary of an experimental design illustrates the key issue when testing the performance of thesealgorithms, each implementing a heuristic solution to a well-known NP-hard problem:Which of these classes, if any, is best suited to evaluate the comparative performance of each algorithm?Finding a new class of netlists that would appear very similar to the isomorphism class, and yet be all di�erent, isthe challenge addressed in this paper. See Figure 6 to assess the similarity of the equivalence class generated with amethod proposed in this paper to the isomorphism class in this Figure.
Equivalence

class
of

C432_iso
(64 identical
instances)

Equivalence
class

of
C432_clone
(64 different
instances)

Equivalence
 class

of
C432_mut1
(64 different
instances)

bi-partitioning
by hmetis

rank-order placement
by dot

bi-partitioning
by prop

12 16 20 24 28 32
0

20

40

60

size of mincut

11 15 19 23 27 31 35
0

20

40

60

size of mincut

12 16 20 24 28 32
0

20

40

60

size of mincut

11 15 19 23 27 31 35
0

20

40

60

size of mincut

12 16 20 24 28 32
0

20

40

60

size of mincut
12 16 20 24 28 32

0

20

40

60

size of mincut

60
0

80
0

10
00

12
00

14
00

0

20

40

60

crossing number

60
0

80
0

10
00

12
00

14
00

0

20

40

60

crossing number

60
0

80
0

10
00

12
00

14
00

0

20

40

60

crossing number

Fig. 1. Illustrating an experimental design methodology using three algorithms as treatments and samplingthree populations of netlist equivalence classes, each derived from a single instance of a known referencenetlist. 4



This form is a simple transformation of the underly-ing netlist; it is a rank-order structure of alternatingnet nodes and cell nodes. The form also de�nes thenetlist signature and the corresponding equivalenceclass of mutants [13, 16].A statistical summary of the proposed experimen-tal design is shown in Figure 1-b. Three algorithmsare applied to all 64 netlist instances in each class: apartitioner hmetis [17], a partitioner prop [18], anda placer dot [19]. Both partitioners report the num-ber of nets (hyperedges) cut in a balanced bipartition.The placer reports the total of all edge crossings afteroptimizing the placement of all net nodes and all cellnodes in the k-partite graph form of the netlist. Theresults reported here are for illustration only. Equiv-alence classes based on additional reference circuitsshould be considered if the objective is to quantifyrelative performance of two algorithms. Our obser-vations about each equivalence class follow the �gurefrom the top down:Isomorphism class: If each algorithm could solve theproblem optimally, all results reported for mincutand the crossing number would have a variance of0! The fact that only hmetis returns a mincut of 11for all 64 instances in this class does not imply itsoptimality | it just appears to perform better thanprop for this equivalence class. The distributions,with relatively large variance, observed for prop anddot are what may be observed typically, especiallywhen the size of the circuit increases.Class of clones: The centers of distributions inducedby this class in terms of the three algorithms haveclearly shifted signi�cantly w.r.t. the distributions ofthe isomorphism class. In fact, one can argue thatthe netlist in this class are far from similar to theisomorphism class of the reference netlist. Moreover,while the centers of the mincut distribution shiftedto the right, the center of the crossing number distri-bution shifted to the left.Class of mutants: The centers of distributions in-duced by this class in terms of the three algorithmshave also shifted signi�cantly w.r.t. the distributionsof the isomorphism class { in this case all to the right.Again, one can argue that the netlist in this class arefar from similar to the isomorphism class of the ref-erence netlist.A number of additional treatments (heuristics) willbe used to evaluate the equivalence classes through-out this paper. These treatments have been assigneda `serial number' in an earlier paper [22]. For exam-ple, TR03 refers to conventional barycenter heuris-tic [23], TR12 refers to dot heuristic [19], and TR17

refers to the new heuristic introduced in [22] and re-�ned in [24]. The rhetorical question at this pointis:Which of these classes, if any, is best suited to evalu-ate the comparative performance of each algorithm?We argue that the isomorphism class is clearly onethat exposes a number of problem areas with a de-sign of a heuristic that is being evaluated. Neither theclone class nor the mutant class as implemented atpresent are representative (in the cases shown) of theunderlying isomorphism class. We may learn moreabout the limitations of the heuristic by looking foranother reference circuit and create an isomorphismclass with the center of distribution shifted from the�rst class. However, �nding an equivalence class ofdi�erent netlists but a distribution that is similar tothe underlying isomorphism class of the reference cir-cuit has a number of merits such as (1) increased di-versity of subjects, but within well-de�ned bounds,and (2) increased number of tests by creating addi-tional isomorphism classes of each distinct subject.We pursue this goal in several stages, expandingand re�ning the netlist mutation process we havetested to date. The next two sections revisit the ba-sic primitive we use throughout the procedure: thesingle connected component of the 2-layer graph (bi-graph) and examine critically a number of ways tomutate this component alone. Only then we revisitthe process of mutant generation across all level ofthe k-partite canonical form graph and demonstratethe relative merits of the new procedures.III. Bigraph CharacterizationA bigraph class can be characterized by three dif-ferent parameters that are relevant in the study ofcrossing numbers. In place of the usual n0 = num-ber of layer-0 nodes, n1 = number of layer-1 nodes,and m = number of edges, we look at a basic sig-nature (a; b;m), where a = m=(n0 + n1 � 1) (totaledges/spanning-tree edges), b = n0=n1 (balance fac-tor), andm. The reasoning behind this form becomesevident later.This is far from su�cient, however, if we wantmeaningful experimental results that are applicableto subjects in a given class. Consider, for example,the bigraphs shown in Figure 2. All belong to theclass with basic signature ( 2513 ; 1:7; 50), i.e. n0 = 17,n1 = 10, and m = 50 and are randomly generated indi�erent ways.The graph in (a) is generated using standard tech-niques for generating random bigraphs (see, e.g. [6]).The degree of each node on either layer is a random5



variable. The graphs in (b) and (c) have a �xed de-gree of 5 on layer 1 (typical of cell nodes in VLSIcircuits) and random degree on layer 0. In addition,they were generated from spanning trees that havetwo di�erent crossing numbers (via heuristic TR17[22], which is known to do very well on trees [24]).Each of the three graphs was used to generate a64-subject isomorphism class and two heuristics wereapplied to each class, TR12, the dot heuristic [19],and TR17 from [22]. Which heuristic is better? Re-sults on the isomorphism class of graph (a) are in-conclusive. For graph (b) TR17 appears to �nd anoptimal solution consistently while TR12 has a largevariance (but still �nds the optimal solution occa-sionally). Graph (c) again leads to inconclusive re-sults with both heuristics showing a large variance(and neither achieving an optimal solution). The an-swer to the question clearly depends on graph char-acteristics beyond the basic signature. For graphsthat are like graph (b) TR17 is the better choice.For those like graph (c) we may want to look forbetter heuristics. And graphs generated randomlywithout constraints like graph (a) make it di�cultto draw any conclusions. In fact, as m gets largerwhile a and b remain the same, they are likely toconsist of multiple connected components and the ba-sic signature becomes meaningless. See [24] for fur-ther experimental evidence that unconstrained ran-dom graphs of the same signature, even when con-nectivity is maintained, make poor experimental sub-jects when it comes to distinguishing the performanceof heuristics.IV. Bigraph Equivalence Class SynthesisWe turn now to the problem of creating classes basedon particular reference graphs. For illustration pur-poses we have chosen two reference graphs with thesame basic signature (2:0; 1:5; 1910) but widely dif-ferent crossing numbers (as reported by TR17). The�rst row of Figure 3 illustrates the performance ofTR17 on the two isomorphism classes.The remaining rows show various attempts to syn-thesize reasonable random mutation classes. Graphclasses having only the same basic signature as thereference graphs are shown in rows 2 and 3. In eachcase a random spanning tree of the reference graphwas generated and then augmented with randomlychosen extra edges to ful�ll the signature. The onlydi�erence between the two methods is that the ex-tra edges are purely random in row two constrainedby windowing in row 3. Roughly, windowing meansthat cell nodes are more likely to be connected tonet nodes \close" to them in a given ordering of the

graph. Imagine the nodes of each layer being equallyspaced so that the two layers have the same width.Each cell node is then more likely to be connectedto the net nodes with the closest x-coordinates. Onewindowing method is described in more detail later.In row 3 the windowing was based on a random or-dering of the nodes on each layer.Random graphs with only the same basic signaturehave much higher crossing numbers than either refer-ence graph. Windowing reduces the crossing numbersomewhat, but, based as it is on random ordering,not signi�cantly. The original reference graph usedmakes no noticeable di�erence in the results.The last two rows show results for classes based onextended signature | along with the basic signaturethe degree sequence of the cell nodes is maintained.In this case all cell nodes of each reference graph havedegree 5 and this fact is preserved as extra edges areadded to the spanning tree. Without windowing (row4) the number of crossings is large for both referencegraphs, similar to the corresponding results for ba-sic signature (row 2). The bottom row shows resultsfor extended signature with windowing, but in thiscase windowing is used during the construction of thespanning tree as well as when extra edges are added.The fact that windowing is integrated throughout therandom generation of the graph accounts for the dra-matic drop in crossing number. Again, neither con-struction shows signi�cant di�erence in behavior thatcan be attributed to the reference graph.This leaves us with a fundamental question: howcan we distinguish between graphs that have thesame basic and extended signatures but di�erentcrossing numbers and can the distinction be used togenerate random graphs with similar characteristics?Recently we discovered that classes of trees | ba-sic signature (1; r;m) | exhibit the most radical dif-ferences in crossing number. Perhaps the underlyingstructure of a graph (at least w.r.t. crossing number)can be characterized by its spanning trees. Figure 4illustrates the results of an experiment along theselines. For references graphs having basic signatures(4; 0:25;m) and (2; 1:5;m) with m ranging from 230to 1910 we created isomorphism classes and charac-teristic spanning tree classes. The latter were gener-ated by selecting 64 random spanning trees of eachreference graph (using a minimum-spanning-tree al-gorithm with random weights assigned to the edgesof the graph). The �gure shows that (using TR17)there is a relationship between the average crossingnumber of an isomorphism class and that of the char-acteristic spanning tree class. The exact nature of therelationship is still being investigated but it appears6



(a) A typical graph instance generated randomly, e.g. by way of GraphBase [6].Here, the degree of node at each layer is a random variable. We report thecrossing numbers of 64 graph instances from the isomorphism class induced bythis graph for two treatments: TR12 is based on the heuristic in [19]. TR17 isbased the heuristic in [22, 24]. treatment min avg maxTR12 186 205.6 222TR17 208 209.0 216
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a13 a14 a15 a16(c) A graph instance generated from a spanning tree class with the crossing number average of 6.7 (G 11).As with (b), degree at layer 0 is random, degree at layer 1 is �xed (= 5), anda characteristic spanning tree class was used, but from a di�erent referencegraph. treatment min avg maxTR12 127 132.4 201TR17 127 129.5 266
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a9 a10a11a12 a13 a14 a15 a16Fig. 2. Illustrative instances of small single connected component graphs with the same basic parameters:17/10 nodes at two layers and 50 edges. Each graph induces an isomorphism equivalence class thatpresents a very obvious challenge when minimizing the crossing number of each class representation. Theonly exception is the case of treatment TR17 when applied to the isomorphism class generated from thegraph instance under (b).to depend on the �rst two parameters of our basicsignature. It is certainly clear that references graphswith smaller crossing numbers lead to characteristicspanning tree classes with smaller average crossingnumbers.We are now ready to present a new method of gen-erating a class of random mutants from a referencegraph G. First a random spanning tree T of G ischosen. The tree T is then embedded using TR17 soas to minimize the number of crossings (theoreticallywe could use an exact algorithm since the crossingnumber problem can be solved in polynomial time fortrees, albeit via a complicated algorithm [25]). Theresulting ordering becomes the basis for a windowedapproach to adding extra edges randomly. Figure 5shows that the new mutant class mut2 does a re-

markably good job of replicating the crossing numberdistributions for the isomorphism classes of the tworeference graphs used in Figure 3. For the referencegraph G 7 10 we were tempted to suspect that thesubjects in the mutant class were all isomorphic tothe reference graph. Not so. The 64 random mutantsused to obtain the singular distribution in the lowerleft histogram exhibited 53 distinct degree sequences!V. Netlist Equivalence Class SynthesisAn electrical netlist is modeled as a 2k{partite graph1where k =number of (logic) levels in the circuit. Iflayers are numbered 0; : : : ; 2k�1 (from the top down1The netlist, which is a hypergraph, is converted to a multi{level, 2k{partite graph through a series of transformations in-cluding insertion of feedthrough nodes [13].7
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Fig. 3. This experiment illustrates the fundamental di�culty of generating a class of 2-layer graphs where eachinstance presents a problem that is comparable to the problem of minimizing the crossing number in allinstances of graphs drawn from the isomorphism class. The two reference graphs that form the two verydi�erent isomorphism classes are di�erentiated by the average crossing number of the underlying spanningtree class { a characteristic of the reference circuit. Note that none of the four approaches investigatedin this experiment can generate two distributions that are similar to the characteristic distributions ofboth isomorphism classes. See Figure 5 to assess the similarity of the equivalence class generated with amethod proposed in this paper to the isomorphism class in this Figure.8
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The goal of the experiments summarized in this �gure isto demonstrate the level of correlation between the averagecrossing number of the characteristic spanning tree class of agiven 2-layer reference graph and the average crossing num-ber we evaluate for the isomorphism class induced by thesame reference graph.The experiments were conducted for a total of 4x4 ref-erence graphs, with 4 graphs in a group where only thenumber of edges doubled for each reference graph; ra-tios such as a = total edges/spanning tree edges and b =nodes@lev0/nodes@lev1 remained constant. These familiesof graphs are de�ned in more detail in [24]. We see herethat the average crossing number of the isomorphism graphclass is related to the average crossing number of the span-ning trees induced by the underlying reference graph. Thisproperty allows us to synthesize an equivalence class of 2-layer mutant graphs that are `similar' to the isomorphismclass induced by the the same reference graph.The results shown are for crossing number averages as re-ported by treatment TR17 [22, 24]. Such correlations cannotbe demonstrated for any other algorithm currently available.Fig. 4. The average crossing number of the isomorphism graph class is related to the average crossing numberof the spanning trees induced by the underlying reference graph | provided we can �nd an ordering foreach spanning tree that truly minimizes the crossing number of the tree.
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Fig. 5. This experiment contrast the isomorphism classes of 2-layer graphs with two mutant classes gener-ated with a method proposed in this paper. The isomorphism classes are characterized with two verydistinctive crossing number distributions. In contrast to equivalence classes analyzed in Figure 3, thenew mutant equivalence classes are clearly very similar to the respective isomorphism classes (in termsof the distributions of the crossing number). 9



in Figure 1(a)) the even layers contain net nodes andodd layers contain cell nodes. Connections from layer2i�1 to 2i (for 1 � i � k�1) are one-to-one | eachcell connects to single net belonging to it. A slice isthe bigraph induced by layers 2i and 2i+ 1 for somei < k (identify this as slice i). A local connected com-ponent (LCC) is a connected component of a slice.The LCC's induce a k-partite graph called the CC-graph with an edge between an LCC Ci�1 in slice i�1and Ci in slice i whenever Ci�1 has a cell connectedto a net of Ci.Our new algorithm for synthesizing a mutant classfrom a netlist is a modi�cation of an earlier one thathas worked well in several contexts [16]. The originalalgorithm works roughly as follows:
for each slice i = 0, ..., k-1 dofor each LCC C in slice i dogenerate a mutant for C(using windowing)

Two ideas emerge in the new algorithm, both basedon the notion that the order of nodes on a layer isimportant if windowing is to succeed. First, the CC-graph is placed using the dot heuristic, the resultingplacement imposing an ordering on the LCC's in eachslice. Second, the ordering of cell nodes in an LCCof C slice i > 0 is derived from slice i � 1: the netnodes of C are ordered according to the LCC's of slicei�1 that are connected to C in the CC-graph (recallthe one-to-one correspondence) and the cell nodes ofC are ordered using a single pass of the barycenterheuristic on a random spanning tree of the LCC).Slice 0 is a special case. Since no ordering is imposedby a previous slice, TR17 is used on the spanning treeof each LCC to get an ordering of minimal crossingnumber before adding extra edges via windowing. Tosummarize:

find the CC-graph and order LCC's withineach slice using dotfor each LCC C in slice 0 dogenerate a random spanning tree of Cuse TR17 to order the nodes of Cadd extra edges using windowingfor each slice i = 1, ..., k-1 dofor each LCC C in slice i dogenerate a random spanning tree Tof Corder the net nodes of C from thecell nodes of LCC'sin slice i-1 connected to Corder the cell nodes of C using asingle pass of thebarycenter heuristicadd extra edges using windowingVI. Experimental ResultsThis section completes the experimental design intro-duced in Figure 1 earlier. Again, we apply the threealgorithms to all 64 netlist instances of the new mu-tation class mut2 introduced in this paper : a par-titioner hmetis [17], a partitioner prop [18], and aplacer dot [19]. The resulting distributions for thenew class c432 mut2 are shown in Figure 6. Clearly,the distributions are very similar to the distributionsfor the underlying isomorphism classes of the refer-ence netlists.To demonstrate that the improvement is not an iso-lated instance, we also designed similar experimentswith additional reference netlists. The criterion weused for the choice of the netlist is the same as the onewe applied to c432. The netlists c880 and c6288 werechosen since we could not �nd an equivalence classwith earlier methods that would be su�ciently simi-lar to the respective isomorphism class. Both of thesenetlists are also from the ISCAS'85 data set [21]. Thenetlist of c6288 is a model of a 16x16 bit array mul-tiplier. As the results in Figure V demonstrate, thisreference circuit is a particular challenge for the cloneequivalence class. Both the average mincut and theaverage crossing number of the clone netlists are sev-eral orders of magnitude larger than the mincut andthe crossing number of the reference netlist.On the other hand, Figure 6 shows that themean and the average of both new mutant classes,c880 mut2 and c6288 mut2, have averages as well asmin/max values that are very comparable to the onesshown for the respective isomorphism classes.10
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