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Abstract— This paper is motivated by the need to generate
classes of circuits that are closely related. Ideally, such cir-
cuits not only have identical size and distributions of cells
and nets but also resemble each other closely in terms of
cell clusters and interconnect patterns. Such classes are
essential for well-defined performance evaluation of layout
algorithms. For example, if the heuristic in the algorithm is
being optimized for multiplier structures, then all circuits
in the class should have a multiplier-like structure. Such
tight control of circuit class generation has not been demon-
strated with recent techniques, including the generation of
clone and mutant classes.

We introduce an approach to generating circuit classes
called siblings. Siblings retain all significant characteristics
of their parent circuit. We demonstrate that siblings in-
herit the essential characteristics of the parent only if we
control, for each connected component, the diameter of the
clusters and the arrangement of the nodes in the underly-
ing spanning tree. We demonstrate the scalability of the
proposed approach through a number of experiments. All
sibling classes are shown to have results within 5-10% of the
parent circuit — under all five physical design tools at our
disposal.

1 INTRODUCTION

There has been a resurgence of research directed to creating
larger and more varied benchmark circuits that could test
and improve the heuristics in algorithms for physical design
[1, 2, 3,4, 5, 6, 7. This research complements the tradi-
tional approaches to comparing the performance of two or
more algorithms which rely on graph equivalence classes,
generated as random instances under relatively loose con-
straints, e.g. the random graphs used to evaluate parti-
tioning, coloring, and TSP algorithms in [8, 9, 10], or the
generators in Stanford GraphBase [11] used to evaluate the
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crossing number minimization algorithms [12], etc.

The exclusive use of random graphs to compare the perfor-
mance of algorithms has drawbacks: we may fail to detect
the difference in performance of two algorithms when one
exists; we may bias the design of an algorithm for data
sets that will seldom if ever be encountered in applications
where a specific cost function minimization is truly impor-
tant. For example, a placement algorithm optimized for
a class of random graphs may not necessarily do as good
a placement and wire crossing minimization of relatively
sparsely interconnected modules arising in a complex VLSI
circuit design.

On the other hand, the problem of generating equivalence
classes of graphs that are representative of graphs repre-
senting realistic design cases is hard. The solutions pro-
posed in [1, 2, 3, 4, 5, 6, 7] are a major advance towards
generating graph structures that represent realistic design
cases. However, a more detailed analysis reveals defini-
tive application-specific limitations of current solutions [6].
While new solutions to improve the generation of bench-
mark classes are being proposed, an unbiased approach to
evaluate the relative quality of the proposed benchmark
classes is yet to be formalized.

A controlled design of an experiment that measures the
performance of a graph-based algorithm requires an equiva-
lence class of graphs that have very similar properties. The
fact that a graph isomorphism class can also serve for this
purpose has been recognized for some time [13]. Changing
the starting point for the problem instance can and does
induce unpredictable and significant variability of reported
cost functions when the experiments are repeated.

The graph classes considered in this paper are abstrac-
tions of design- and domain-specific netlists, i.e. directed
hypergraphs. Two netlists, one representing a multiplier-
like device, the other a specific controller device, may have
the same number of inputs/outputs, the same number, the
same size, and the same distributions of cell nodes, and
nets (hyperedges), and yet they will differ significantly in
the layout area and total wire length and wire crossing
after embedding onto a plane and routing all nets under
technology-specific design rules. We introduce the notion
of reference netlist, such as a multiplier or a controller, to
induce a distinctive isomorphism class.

This paper addresses two issues. First, we propose that



(b) Experiments

(a) Graph drawings by dot [14]
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Ilustrating the difficulty in the generation of benchmark equivalence classes: (a) (from top to bottom) drawings of a reference

circuit and its clone and mutant, (b) results of experiments using three algorithms on these benchmark classes. The crossing numbers,
as reported by dot, are 883 (reference), 610 (clone) and 1503 (mutant).

any new class, generated from the characterization of the
underlying reference netlist, be evaluated and compared to
the respective isomorphism class. This comparison should
engage as many algorithms as possible; ideally all the cost
functions distributions reported by the algorithms should
have means that are comparable to the mean of the iso-
morphism class.

In addition, we propose a new approach to generating a
new class: the siblings class of circuits based on a represen-
tative parent circuit. We demonstrate that siblings inherit
the essential characteristics of the parent only if we con-
trol, for each connected component, the diameter of the
clusters and the arrangement of the nodes in the underly-
ing spanning tree. We demonstrate the scalability of the
proposed approach through a number of experiments. All
sibling classes are shown to have results within 5-10% of
the parent circuit — under all five physical design tools at
our disposal.

The paper is organized into five major sections. Sec-
tion 2 provides background and motivation, Section 3 intro-
duces bigraph characterization and equivalence class syn-
thesis, Section 4 formalizes the equivalence class synthesis
of multi-level netlists, Section 5 summarizes a large number
of experiments.

2 BACKGROUND AND MOTIVATION

We use a simple experiment in Figure 1 to illustrate the
issues involved in generating equivalence classes that can
be used for performance evaluation of algorithms. The
three algorithms are: hmetis [15] and prop [16] for bal-
anced netlist bi-partitioning, and dot for rank-order di-
rected graph placement [14]. The three equivalence classes
are the isomorphism class as introduced in [13], the class
of clones [4], and the class of mutants [5]. All these classes

correspond to the benchmark circuit C432.
Briefly, we create the netlist isomorphism class N, as fol-
lows: (1) take a reference netlist represented as a hyper-
graph G, (V, E), (2) apply, uniformly to all nodes in G, a
random re-order, and random re-label procedure rr(V):
Mso = {Nj € GT(TT(V)aE)} (1)
Relative to all other instances in Vg, each instance N; has
the following properties:
P1: the order of nodes in N; is uniformly random;
P2: the labels of nodes in N; are uniformly random.
The class of clones [4] relies on a specific netlist charac-
terization which must be satisfied to form an equivalence
class of related ‘clone circuits’. The class of mutants [5]
differs from the class of clones by way of the netlist charac-
terization and the constraints that must be satisfied when
generating a ‘mutant circuit’.
Nominally, each instance of a netlist from any equivalence
class is related to a reference netlist that may typically rep-
resent an application-specific design rather than a netlist
generated randomly. It is difficult for the generation algo-
rithm to replicate the characteristics of the netlist. Draw-
ings (by dot) in Figure 1(a) of the instances from the iso-
morphism, clone and mutant classes show that the clone
and the mutant both are different from the reference netlist.
This is further confirmed by the crossing numbers of the
graphs which are 883, 610 and 1503 for the reference, clone
and mutant respectively.
Results of the experiments with hmetis, prop and dot are
shown in Figure 1(b). Observations about each equivalence
class follow the figure from the top down:
Isomorphism class: An ideal algorithm should produce a
distribution with variance 0 with the isomorphism class.
Although hmetis returns a mincut of 11 for all 64 instances



in this class, the distributions, with relatively large vari-
ance, observed for prop and dot are what may be observed
typically, especially when the size of the circuit increases.
Class of clones: The centers of distributions induced by
this class have clearly shifted significantly w.r.t. the distri-
butions of the isomorphism class. One can argue that the
netlist in this class are far from similar to the isomorphism
class of the reference netlist.

Class of mutants: Again, one can argue that the netlist in
this class are far from similar to the isomorphism class of
the reference netlist.

The rhetorical question at this point is:

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 one that ex-
poses a number of problem areas with a design of a heuris-
tic that is being evaluated. Neither the clone class nor the
mutant class are representative (in the cases shown) of the
underlying isomorphism class. We may learn more about
the limitations of the heuristic by looking for another ref-
erence circuit and create an isomorphism class with the
center of distribution shifted from the first class. How-
ever, finding an equivalence class of different netlists but a
distribution that is similar to the underlying isomorphism
class of the reference circuit has a number of merits such as
(1) increased diversity of subjects, but within well-defined
bounds, and (2) increased number of tests by creating ad-
ditional isomorphism classes of each distinct subject. The
question that remains to be answered is how to judge the
quality of such a class.

S o] The goal of the equiva-
£ lence class synthesis pro-
£ cess is to generate a class
Hia e close to the isomorphism

" o class. Distribution of the

two classes should have
approximately the same
mean under any given
tool.
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Fig. 2. Goal for the generation process in terms of dis-
tributions of the isomorphism class and the generated
class.

We believe that evaluation of an equivalence class gener-
ated from reference netlist should be based on the proxim-
ity of the generated class to the underlying isomorphism
class. This is illustrated in Figure 2. The two classes
should behave in approximately the same way under any
given tool. This implies that under all the tools, the mean
cost for the two distributions should be within (a predeter-
mined) +€y%.

In this paper we pursue this goal in steps. First, we formal-
ize the process for two-layer graphs (bigraphs) since the
problem is difficult for bigraphs alone. Later, we extend

the method to multi-layer graphs representing electrical
netlists.

3 BIGRAPH CHARACTERIZATION AND EQUIVALENCE
CLASS SYNTHESIS

The failure of the clone and mutant equivalence classes
to emulate the characteristics of the isomorphism class in
Figure 1 leads us to believe that the characterization of the
reference netlist is not complete in these two approaches.
The goal of this work is to perform a more comprehensive
characterization of the circuit and propose a method for
generating the corresponding equivalence class. The prob-
lem is far from being easy for a bigraph itself as has been
seen in a related work reported elsewhere. More impor-
tantly, the capabilities developed for a bigraph can be di-
rectly used for multi-level electrical netlists since we model
the latter as a concatenation of bigraphs. Hence, a success-
ful sibling generation process for bigraphs is a prerequisite
for success in sibling generation for multi-level netlists.
Bigraph Characterization. Depending on the charac-
terization process, we define two types of signatures, basic
and full, for a bigraph.

Basic Signature: Complexity of a bigraph class may be
characterized by three different parameters. In place of
the usual ng = number of layer-0 nodes, n; = number of
layer-1 nodes, and m = number of edges, we look at a
basic signature (a,b,m), where a = m/(ng +ny, — 1) (total
edges/spanning-tree edges), b = ng/n; (balance factor),
and m?.

This is far from sufficient, however, if we want meaning-
ful experimental results that are applicable to subjects in
a given class. Consider, for example, the bigraphs shown
in Figure 3. All belong to the class with basic signature
(22,1.7,50), i.e. ng = 17, n1 = 10, and m = 50, but each is
generated differently. The instance of the graph in (a) is a
single connected component generated randomly via [11].
The instances of the graph in (b) and (c) are single con-
nected components designed to have low and high crossing
numbers, respectively. We use each graph to generate a
64-subject isomorphism class. Two heuristics dot [14], and
TR17 [17], are applied to each class. Evidently, the three
classes possess very different characteristics in terms of wire
crossing although they share the same basic signature.
This leaves us with a fundamental question: how can we
distinguish between graphs that have the same basic signa-
tures but different crossing numbers and can the distinction
be used to generate equivalence classes with similar charac-
teristics? We propose further characterization of the graph
in the form of its full signature.

Full Signature of a bigraph: We conjecture that the under-
lying structure of a graph (at least w.r.t. crossing number)
can be characterized by its spanning trees. The exact na-
ture of the relationship is still being investigated but it ap-
pears to depend on the first two parameters of our basic sig-
nature. We have seen, through extensive experiments, that

!The parameters (a,b,m) convey more information (those related
to spanning trees) than (ng,n1,m), and, ng, m1, m can be derived
from the triplet (a,b,m)



(a) G-00: A graph generated randomly (via [11]).

Crossing number statistics re-

ported for isomorphism class of Adlf: 111141;1 ZTS/)gO r;x;;(
64 instances by two algorithms: TRI7 7145 228.0 589
dot [14] and TR17 [17]. :

(b) G-10: A graph designed for low crossing number.

Crossing number statistics re-

ported for isomorphism class of Algo. ||min | avg |max

. . dot 66 |[96.5 | 186
64 instances by two algorithms: TRI7 1766 1660 1 66
dot [14] and TR17 [17]. :

(¢) G_11: A graph designed for high crossing number.

Crossing number statistics re-

ported for isomorphism class of Algo. [[min | avg |max

. . dot 127 |132.4 | 201
64 instances by two algorithms: TR7 11157 T129.5 | 966
dot [14] and TR17 [17]. :

Fig. 3. Experimental design to compare three isomorphism
classes based on three single connected component bi-
graphs. Each graph has 17 nodes at layer 0, 10 nodes
at layer 1, and 50 edges.

there is a relationship between the average crossing num-
ber of an isomorphism class and that of the characteristic
spanning tree class (consisting of a number of randomly se-
lected spanning trees of the graph). Reference graphs with
smaller crossing numbers lead to characteristic spanning
tree classes with smaller average crossing numbers.

The full signature is constructed in the following way. We
select 64 spanning trees of the graph at random and op-
timize each of them using TR17%2. Then, we choose the
spanning tree that has a crossing number closest to the av-
erage of the spanning tree class. The order of cell and net
nodes in this spanning tree, as determined by TR17, is now
added to the signature. The full signature, thus, is defined
as:

{(a, b, m), {r,v}}

where k and v are the order of cell nodes and net nodes
respectively for the minimum crossing spanning tree of the
graph. The full signature captures most attributes of the
graph, and hence, the equivalence classes generated from it
will be, hopefully, the most representative of the reference
graph.

Sibling Class Synthesis. We are now ready to present
a method of generating a class of siblings from a reference
graph G.

2Theoretically we could use an exact algorithm since the crossing
number problem can be solved in polynomial time for trees, albeit
via a complicated algorithm [18]. However, for all practical purposes,
TR17 does a good job for trees.

o First, we re—order the canonical form based on the
spanning tree and the cell and net order returned by
TR17. The resulting ordering becomes the basis for a
clustered approach to adding extra edges randomly.

o Then, we reconnect all the edges subject to the fol-
lowing constraints
(1) fan—in constraint of the cell nodes,

(2) fanout bounds on the net nodes,
(3) clustering diameter.

Clustering: Additional Control for Graph Synthesis.

The reason why random graphs cannot be a useful alter-
native to the isomorphism class generated from the refer-
ence graph is that random graphs fail to follow the specific
interconnection pattern that may be present in the refer-
ence graph. This was first observed in [4]. In particular,
in the beginning of generating a random bipartite graph
there is an equal probability of each node in vertex set 1
to be connected to each node in vertex set 2, irrespective
of the size of the vertex sets. This is not true for most
graphs seen in real life and especially for graphs represent-
ing VLSI circuits. where the probability of connection gets
infinitesimally small for distant nodes. If we do not main-
tain this property, the equivalence class generated will be
far away from the isomorphism class. We propose a clus-
tering method to take care of the gradually diminishing
probability of connection for distant nodes. The method
works as follow:

o We define a clustering diameter D which is the max-
imum allowable span for connection®.

« Each cell (net) node n is assigned an index number,
n;, which is its position in the spanning tree.

o For each cell (net) node n, the natural ally a is
defined as a net (cell) node that has the index number
closest to n; X r where r is the ratio of number of cell
and net nodes.

o For any connection to be done, we define a feasible
set F; that contains all the possible alternatives.

o We define a cluster set F. as (D + 1) consecutive
nodes with a approximately at the center. So, the cluster
consists of a at its the center and D /2 nodes before and
D/2 nodes after a.

o If F.NF,; #£0, Fy is assigned the value F,. N F,

o Otherwise, we keep increasing D until F,NF ceases
to be (). Then, assign F; = F. N F.

« Note that if a feasible set is available, clustering
method always returns a set of valid possible connec-
tions. It attempts to confine the connections within
the cluster, but adjusts the cluster diameter dynamically
when other constraints preclude connections within the
cluster. Hence, it does not introduce any extra con-
straints that are binding.

o The final connection will be chosen at random from
this (pruned) feasible set.

3The span is defined as the maximum difference between the cell
(net) nodes that the net (cell) node is adjacent to. The distance
is measured in terms of the position of the nodes in a linear order.
The linear order is the order of net and cell nodes in the optimized
spanning tree in this case.



Need for the Spanning Tree Order: The spanning tree order
is needed for two reasons:

o The clustering method is based on some pre—defined
ordering of cell and net nodes. We use the spanning tree
order since one can determine it accurately. Absence
of any well-optimized order may render the clustering
method ineffective as has been seen elsewhere.

e The spanning tree and its node orders are the only
parameters responsible for differentiating between two
graph classes with the same basic signature but very
different crossing number characteristics.

In essence, it is the combination of the clustering method
and the spanning tree order that helps us generate excellent
sibling equivalence classes such as those in Figure 4.

Equivalence classes
related to
reference graph of G_7_10

Equivalence classes
related to
reference graph of G_7_11

60-1 60 m
401 40
Iso. class Iso. class
204 20
e S~~~ N
S S L $ S S S
DA S SN I, R DR S S A G

crossing number (reported by TR17) crossing number (reported by TR17)

60+ 60
401 20 fl
Sibling class Sibling class
204 20
e L 00“0‘6“0‘5‘-:‘8‘-:
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DR OB SR S Gl S N 4

crossing number (reported by TR17) crossing number (reported by TR17)

Fig. 4. Experiment showing the proximity of the sibling
classes to the two underlying isomorphism classes that
have very different crossing number distributions.

Snapshot of experiments. Figure 4 shows that the new
sibling class does a remarkably good job of replicating the
crossing number distributions for the isomorphism classes
of the two reference graphs G_-7_10 and G-7_11 which have
very different crossing numbers. The equivalence classes
generated from G_7_10 and G_7_11 are different under
TR17 and are close to the respective equivalence classes.
No other method induces different equivalence classes for
G_7.10 and G_7_11.

For the reference graph G_7_10 we were tempted to suspect
that the subjects in the sibling class were all isomorphic to
the reference graph. Not so. The 64 random siblings used
to obtain the singular distribution in the lower left his-
togram exhibited 53 distinct degree sequences! Hence, 53
siblings out of 64 are decidedly different from the reference
graph and different from each other. Question of isomor-
phism is undecided for the rest of the 11 graphs.

4 MULTI-LEVEL NETLIST CHARACTERIZATION AND
EQUIVALENCE CLASS SYNTHESIS

In this section we extend the sibling synthesis procedure
to graphs representing multi-level electrical netlists. As
was mentioned before, a successful synthesis method for

bigraphs is only a necessary and not sufficient condition
for success in multi-level netlist equivalence class synthesis.
Multi-level netlists require special characterization which
we will discuss in this section. For simplicity, we will re-
strict our discussion to combinational circuits only. The
process itself is intricate and complex. Only essential pro-
cedures can be outlined in the limited space available. For
more details see [19].

Canonical form. An electrical netlist, which is a hyper-

(a) A netlist in graph canonical form

a4

l;

l
l

3

Fig. 5. A simple example illustrating the concept of the
CC—graph of a circuit.

graph, is first converted into a 2k—partite directed graph
through a series of transformations. This is called a canon-
ical form of the circuit. Here, k is the maximum logic level
in the circuit. Figure 5(a) shows the canonical form of a
circuit as drawn by dot. Note the bipartite nature of the
graph induced by cell nodes (circles) and net nodes (rect-
angles).

The 2k—partite graph canonical form is produced through
the following steps.

First Levelization: This procedure is well known.

o All primary inputs (PIs) are assigned a level = 0.

o All cells are assigned a level > 0 using topological
sort.

+ Each net inherits the name and level of the driving
cell.

Second levelization: The initial levelized form is fur-
ther modified as follows:

o Each PI net is assigned a level =1 — 1 where [ is
the minimum level of cells that it is driving.

o Each net is assigned a netspan A = Pmaz — Pmin
where pmaz and ppn are the maximum and minimum
level of cells it is adjacent to.

o Each net of netspan A > 1, is broken into seg-
ments by introducing A — 1 single-input, single-output
feedthroughs. Feedthrough at level i is named as

<net_name>.i.



o Finally, each net is replaced by a net node with
fan—in of 1, but variable fanout.

Finding the local connected components at each level:
We capture the local clustering by finding the connected
components (CCs) of the underlying undirected graph at
each level. This is done by a simple DFS search. CCs at
level ¢ consists of cell nodes at level ¢ and net nodes at
level i — 1. Note that these CCs are local to each slice
and not a connected component of the entire graph.

Forming the CC—graph: The local CC’s induce a k-
partite graph called the CC-graph with an edge between
a CC C;_1 in level 1 — 1 and C; in level ¢ whenever C;_1
has a cell connected to a net of C;. Figure 5(b) shows
the CC—graph of the circuit. In this figure, the CC nodes
are represented in the form < CC_index(level) >.

tree orders of the first level only in the signature.

Finally, the full signature for the multi-level graph is given
by:

full_signature = basic_signature U {k,v} U ¥

where {k,v} is the order of the net nodes and cell nodes
respectively at level 1 and ¥ is the ordering of the CC-
graph as reported by dot.

Sibling Synthesis Process. The algorithm for the sib-
ling synthesis for multi-layer graphs is basically an exten-
sion of the connection procedure for bigraphs, with modi-
fications to take care of

(1) the increased number of constraints due to the presence
of different types of nodes,

(2) concept of ordering in CC—graph,

(3) dependence of node ordering in CC at level ¢ on the

Capturing the hierarchy through the CC-graph: The CCrode orders in CCs at level i — 1.

graph is an attempt to capture the hierarchy of the cir-
cuit. The canonical form depicts the flat netlist and fails
to capture any hierarchy or macro—structure in the cir-
cuit. We attempt to model the hierarchy in the circuit
by modeling the local clustering present in each level in
the form of the CCs. In the presence of a hierarchical
structure in the graph most of the wire crossing will be
present inside the CCs and the CC—graph will show rela-
tively few wire crossing compared to the original graph.
We maintain the CC—graph for all the siblings that we
generate from the canonical form of the reference graph.
Hence, all the circuits in the equivalence class are likely
to maintain the hierarchical structure that was present in
the reference graph. This is in contrast to the mutants
[5] or the clones [4] where there was no mechanism to
preserve the hierarchy of the circuit as noted in [6].
Characteristic Signature for Multi—level Graphs.
The signature of the multi-level graph is essentially a 2-
dimensional version of the signature of bigraphs. However,
one needs to include:
1. the concept of CC—graph
2. three types of net nodes that may be present in a
multi-level graph:
o Type I: primary inputs of the circuit
o Type C: driven by logic cell nodes that are not
feedthroughs
o Type A: driven by feedthrough cells
Consequently, the signature for the multi-level graph will
be {A, B, M, Aa, N1, No}, where A, B, M, list the a, b,
m, values at all level, A4 lists the number of feedthrough
nodes at all levels, and Ny, No list the primary inputs and
outputs at all levels.
Full signature: The full signature needs the spanning tree
ordering information and the ordering of the CC-graph.
Providing spanning tree ordering information for a multi—
level graph is complicated. This is because the spanning
trees are for the CCs at each level and wire crossing in CC
j at level 7 is dependent on the net node ordering in CCs
at level ¢ — 1. Consequently, a spanning tree order at level
i without any history of the arrangements upto level ¢ — 1
does not help much in obtaining a good order for the entire
multi-level graph. For this reason we provide the spanning

function gen_sib() {
read in the 2k-partite canonical form;

read in the dot-optimized order of CC-graph and order
the local CCs at each level accordingly;

perturb the canonical form;

for each level i {
for each CC j {
if(i==1) {
Read in the order of net nodes and cell nodes;
connect_bigraph();

}
else {
Form a spanning tree at random;
order_net_nodes();
Use (single pass) barycenter to order cells;
connect_multi_layer();
Use (single pass) barycenter to order cells again;
}
}
}

}

function order_net_nodes(){

for each net n {
¢ = cell node that drives n;
CC_c = CC that c belongs to;
yl = position of CC_c in CC-graph
y2 = position of ¢ within CC_c
y = y1x1078 + y2 /*assume, y2<1078x/

}

sort nets based on their y-value using barycenter

}

function connect_multi_layer(){
Each node of type C, give connection from a net of type
C at level i-1 (using cluster diameter of 3);
connect_bigraph();

}

function connect_bigraph() {
/* same as the connection procedure for bigraphs */
/* It uses a cluster diameter of 3. */

}

Fig. 6. Pseudo—code for sibling generation process in multi—
layer graphs.

The process is complicated and we present the essence of



the algorithm in the pseudo—code in Figure 6. The follow-
ing points are to be noted about the algorithm:

e The process is initiated by deleting all the wires in
the canonical form.

o Re-connecting these edges, under various con-
straints, constructs the sibling circuit.

o The order of both the net nodes and cell nodes is
important for the clustering method to succeed. The
modifications in the connection procedure for multi-layer
graphs is aimed at producing a good order.

o Ordering of net nodes in CC j at level ¢ depends
on ordering of the cell nodes that drive these net nodes.
This is done by the function order net nodes in Fig-
ure 6. Note that the driving cell nodes may belong to
different CCs in level i — 1. So, the net nodes in CC j
at level i are sorted first based on the CC numbers of
the driving cell nodes, and then, based on position of
the cells within the respective CCs at level ¢ — 1. (This
is possible due to a one—to—one correspondence between
the net nodes and the cell nodes that drive them).

o Level 1 is a special case. Since no ordering is im-
posed by a previous level, TR17 is used on the spanning
tree of each CC to get an ordering of minimal crossing
number before adding extra edges via clustering.

o At each level i > 1, the order of the net nodes is
determined by their driving cell nodes, and hence, can-
not be changed by any crossing minimization algorithm.
So, the spanning tree is optimized by a single pass of
barycenter method which is probably close to optimal
for two—layer trees with one layer fixed.

o The function connectmulti_layer takes care of
the additional complexity in the multi-layer graph.

o After all the connections are done, we apply one
more pass of barycenter method to minimize any cross-
ing that can be avoided.

Snapshot of experiments. As a first test, we complete
the experiments introduced in Figure 1 earlier. Again, we
apply the three algorithms to all 64 netlist instances of the
new sibling class: a partitioner hmetis [15], a partitioner
prop [16], and a placer dot [14]. The resulting distributions
for the new class c432_sib are shown in Figure 7. Clearly,
the distributions are very similar to the distributions for the
underlying isomorphism classes of the reference netlists. It
has also been verified, through the degree sequence test,
that all the siblings are different from the reference circuit
and they are also different from each other.

5 ADDITIONAL EXPERIMENTAL RESULTS

In this section we present results for additional experiments
with the multi-layer graphs. First, we report results for sib-
ling classes of some reference graphs which were ‘difficult’
for both clone and mutant classes in that the mean was sig-
nificantly higher than that of the respective isomorphism
class. We show that the sibling classes are ‘close’ to the
isomorphism classes. Then we test how scalable the sib-
ling generation process is, namely, how the sibling classes
of large circuits fare w.r.t. to the underlying isomorphism
class. We also include results with the clone classes in our
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Fig. 7. Comparison of the sibling equivalence class with the
underlying isomorphism class: the classes are clearly
very similar under all three different tools. This is in
contrast to the classes in Figure 1.

comparisons.

Experiments with ‘Difficult’ Reference Graphs. The
reference netlists C432, C880 and C6288 were chosen since
none of the available benchmark generation tools could gen-
erate classes sufficiently similar to the respective isomor-
phism class. All these netlists are from the ISCAS’85 data
set [20]. The netlist of C6288 is a model of a 16x16 bit
array multiplier. As the results in Figure 8 demonstrate,
this reference circuit is a particular challenge for the clone
equivalence class. Both the average mincut and the average
crossing number of the clone netlists are several orders of
magnitude larger than the mincut and the crossing number
of the reference netlist.
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Fig. 8. Summary (min, avg, max) of experimental results
with iso, clone, mutant and sibling classes for three ‘dif-
ficult’ reference netlists. hmetis (H) and prop (P) re-
porting mincut and dot reporting crossing number.

On the other hand, Figure 8 shows that all three sibling
classes, C432_sib, C880_sib and C6288_sib, have averages
as well as min/max values that are very comparable to the
ones shown for the respective isomorphism classes.

Experiments with Rent’s exponent. Rent’s exponent
has been traditionally used as a measure of interconnection



complexity, and, a number of synthetic benchmark gener-
ation methods [1, 6, 7] have used this parameter for char-
acterization. Hence, we wanted to observe how the sibling
classes behave in terms of the Rent’s exponent. In Figure 9,
we plot the average, minimum and maximum Rent’s expo-
nent for each of the isomorphism, clone, mutant and sibling
classes. The Rent’s exponent has been determined using
hmetis [15], with k-way partitioning (k = 16, 32,64, 128).
It may be observed that although the sibling classes have
not been generated with any specific goal of maintain-
ing the Rent’s parameter, all the sibling classes maintain
the Rent’s parameter of the corresponding isomorphism
classes. The mutant classes are close to the isomorphism
classes for C880 and C6288, but not so for C432. The clone
classes too have problems. The clone class for C6288 is es-
pecially bad where the distribution of Rent’s exponent is
way beyond the range of that for the isomorphism class.
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Fig. 9. Summary of experimental results with Rent’s expo-

nent.

Detailed Comparison. To demonstrate that the ob-
served improvements are not due to chance, we designed
similar experiments with additional equivalence classes.
These experiments validate the quality of the sibling classes
generated and compare them with the respective clone
classes (we compare with the clone classes only in Figure
10 since this is the most extensive benchmark generation
process that is available in the public domain). These ex-
periments show that the sibling classes satisfy the goals we
had set in Figure 2 — all the sibling classes are within +eq%
of the isomorphism classes under all the tools used.
We have selected 9 reference circuits (C432, C499, 9symml,
C880, i5, C1355, C1908, C6288, des) from [20] with 176
nodes in the smallest one (C432) to 5087 nodes in the
largest (des).
We use the following five tools in these experiments:

1. hmetis[15] for 2, 4, 8, 16—way partitioning

2. dot[14] for wire crossing minimization

3. prop[16] for bi—partitioning

4. oasis|21] for standard cell placement and routing

5. vpr[22] for FPGA place and route
Results are shown in Figure 10. Here, we plot the mean of
the cost parameters (as reported by each of the five tools)
for all three classes — isomorphism, clone and sibling equiv-
alence classes. Evidently, the sibling classes are the clos-
est to the isomorphism class. The clone classes are close
too for small circuits, however, as the circuit size increases
the clones tend to deviate widely from the isomorphism
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(e) Average unsigned difference (over all 9 classes) w.r.t.
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classes. This phenomenon has been observed by others too
[6]. These figures show that the sibling generation process
is scalable, at least for the reference graphs used here.
Comparison of +¢ similarity of clone and sibling
classes with the isomorphism class. Finally, we sum-
marize the percentage deviation of the clone/sibling class
from the isomorphism class under five different tools. Here,
for each tool and for each reference graph, we take the abso-
lute value of the difference of the mean and std. deviation
with the mean and std. deviation of the respective isomor-
phism class. We present the average of this absolute value
over all the 9 reference graph classes in Figure 10(e) for
each of the five tools. Clearly, the sibling classes show an
acceptably low difference (5-10%) with the isomorphism
classes for all the classes and for all the tools used in this
experiment. The difference of the clone classes from the
isomorphism classes is prohibitively high: 50% — 200%.

6 CONCLUSIONS

A controlled design of an experiment that measures the
performance of a graph-based algorithm requires an equiv-
alence class of graphs that have properties that are sim-
ilar to well-defined reference graphs, e.g. a multiplier or
a controller. Experiments have shown that the genera-
tion of graph instances without sufficient context to the
physical design problem itself does not provide the control
which is necessary to create a class similar to its reference.
This clearly rules out the generation of graphs by tradi-
tional random methods. The recent clone and the mu-
tant classes represent a significant improvement over the
traditional random methods of class generation. However,
either method can still generate classes that may have no
similarity with the reference circuit isomorphism class. Ex-
periments show that a number of clone and mutant classes
exceeds the target +e9% similarity test.

The sibling class, introduced in this paper, is based on
graph characterization that captures not only the under-
lying structure of the graph spanning tree, but also the
optimized order of its linear arrangement. We created sib-
ling classes from the reference graphs for which the earlier
methods failed the +¢y% similarity test. The experiments
with the new sibling classes demonstrate that all of them
meet the 5-10% similarity test for all five physical design
tools available.
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