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Abstract { This paper introduces an experimental design that
discovers a new relationship between a cell placement for min-
imized wire crossing in bipartite (two-layer) graphs and a cell
placement in linear arrangement, optimized for minimum to-
tal wire length as measured after rectilinear routing in a single
channel. We introduce hypercrossing, a new crossing model for
graphs, and demonstrate that the total wire length in the chan-
nel, as measured after routing, has a positive linear correlation
with the total hypercrossing, and a coe�cient of correlation of
near 100%. While heuristics to directly minimize total hyper-
crossing are yet to be invented, our experiments show that the
minimization of total (regular) wire crossing leads to placements
with signi�cantly reduced wire length and wiring area.

A methodology and new datasets are now available to deter-
mine, with statistical signi�cance, which of the two cost function
classes will yield a better placement in general: costs based on
the model of the wire length, or costs based on the model of the
wire crossing. Our best results to date have been achieved with
a wire crossing cost model.

Keywords: cell placement optimization, wire length and wire
crossing minimization.

I. Introduction

Area and performance in submicron-technology VLSI circuits
are critically dominated by the interconnect. The variations in
interconnect that arise after cell placement and routing, such
as wire crossings, wire density, wire loading, wire length, etc.,
may be hard if not impossible to predict. Similarly, the inter-
connect models associated with the logic implementation and
logic testability prior to placement and routing may be subject
to considerable variations.

In row{based cell placement, the cost function that con-
tinues to dominate the research relates mostly to total wire
length. Algorithms that use wire length as a cost function
include approaches as diverse as simulated annealing [1, 2],
quadrisection [3], and recursive and quadratic programming
[4, 5, 6, 7, 8, 9, 10]. Comparisons between di�erent wire length
objectives are presented in [11, 12]. Models and algorithms for
accurately estimating the average interconnect length for both
random and optimized placements have been presented in [13].
Abstract placement models, such as presented in [14], also aim
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to minimize the channel density.
In contrast, there have been few algorithms based on the wire

crossing cost function. The crossing number and wire area have
been investigated to �nd lower bounds on the layout area and
the maximum edge length of a variety of computational net-
works [15]. Given a global routing, the problem of `properly'
distributing the set of crossings among the regions has been
studied in [16]. Crossing minimization as a post-optimization
problem after global routing is reported in [17].
However, in �elds as diverse as economics, social sciences,

mathematics and computer science, research on crossing number
minimization in graphs has been carried out for many years.
Crossing theory has been developed to improve the readability
of hierarchical structures [18]. The problem of placing vertices
for minimum crossing number is NP-complete, even for 2-layer
graphs [19]. Graph drawing packages can now be obtained from
the Web [20], [21]. A textbook, bringing this research up-to-
date, is now available [22].
This paper introduces hypercrossing, a new crossing model for

graphs, and a series of experimental designs that demonstrate,
with statistical signi�cance, important relationships between the
cell placement for minimized (regular) wire crossing in bipartite
(two-layer) graphs, and cell placement in linear arrangement,
optimized for minimum total wire length as measured after rec-
tilinear routing in a single channel:

� The total wire length in the channel as measured after routing
has a positive linear correlation with the total hypercrossing,
and the coe�cient of correlation of near 100%, regardless of the
choice of placement algorithm. This suggests that minimizing
total hypercrossing also minimizes the total wire length and vice
versa.
� While heuristics to minimize total hypercrossing are yet to be
invented, 18 out of 19 placement algorithms whose objective is
to minimize (regular) wire crossing achieve a better minimum
on average (of wire crossing and wire length) [23] than a state-
of-the-art placement algorithm whose objective is to minimize
the total wire length [24].
� An equivalence class of two-layer graphs that are all isomor-
phic to each other (but presented in di�erent random orders)
can induce nearly as much variance in the optimized wire length
(and wire crossing) as does an equivalence class of graphs of the
same size but with random interconnection and fanout.

The paper is organized into following sections: (2) Background
and Motivation; (3) Design of Experiments; (4) Bigraph Equiv-
alence Classes; (5) Experimental Results; (6) Conclusions.

II. Background and Motivation

This work is motivated by a series of experiments with stan-
dard cell placement and routing we conducted earlier. Brie
y,
we have observed a high degree of correlation between the total
wire length and the total wire crossing as reported by two tools
that have very di�erent layout objectives: a place and route tool
[24] and a graph drawing tool[20]. The objective of the �rst tool
is to place a netlist of standard cells into rows and minimize the
area of the layout after routing: total area and total wire length



(a) Total wire length reported by router = 16,726�, total routing area reported by router = 338,670 �2

(b) Total wire length reported by router = 13,648�, total routing area reported by router = 236,430 �2
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Fig. 1. Layouts and corresponding graph for netlist instance ref multi1 16-76-0001: (a) a section of a layout corresponding to
tr20, (b) a section of a layout corresponding to tr19, (c) graph of the layout in (a), (d) graph of the layout in (b).

(after routing) are reported. The objective of the second tool is
to place a netlist of standard cells into variable width rows such
that the rows are placed in the topological order while cells in
each row are permuted to minimize the total wire crossing: the
total number of cell levels and the total wire crossing are re-
ported. After a number of repeated experiments with up to 800
netlists in the same equivalence class1, a de�nite trend emerges:
total wire length as reported by a standard-cell placement tool
and the total wire crossing as reported by a graph plotting tool
are highly correlated, with correlation coe�cients ranging from
0.7 to 0.9 for a number of netlist equivalence classes.
We conjecture that such correlations are not a coincidence,

though the cases of placements with multi-row netlists are
presently too complicated to analyze. In this paper, we re-
peat similar experiments in a conceptually simpler context: cell
placement in a linear arrangement, and modeling of wires in the
channel with a bipartite graph (bigraph) G = (V0; V1; E).
In our model, V0 is the set of net nodes, V1 is the set of

cell nodes, and E � V0 � V1 is the set of edges or wires. A
placement f maps V0 [ V1 to points on the plane so that the
y-coordinate of f(v) is i when v 2 Vi. The cost of wire crossing,
or the crossing number in the bigraph, is the number of line
intersections induced by f . Similarly, a bigraph model is used
to formulate a linear arrangement problem and the associated
wire length cost function [26]. The work in [26] also brings out
important relationships between the wire crossing and the linear
arrangement problem in graphs. Note that while the wire length

1We leverage the notion of a netlist equivalence class introduced earlier [25].

Netlists in such class have a number of common characteristics such as the same

number of nets, cells, pins, logic levels, as well as the distribution of cell types at

each level (e.g. at level i all circuits would have pi 2-pin nodes, qi 3-pin nodes,

ri 4-pin nodes, etc).

cost depends on the (x; y) coordinates of the nodes, the cost of
wire crossing depends only on the order of nodes at y = 0 and
y = 1.

In addition, we introduce the concept of hypercrossing as fol-
lows. Let Gh = (V1; H) be a hypergraph model of G: include
a hyperedge for each net node v 2 V0 to connect all cell nodes
adjacent to v in G. The edge crossings for a placement f of G
induce hyperedge crossings in Gh as follows: hyperedges p and
q in Gh have a hypercrossing i� there is at least one crossing in
G among the edges incident to vp and vq, the net nodes corre-
sponding to p and q. Experiments in this paper demonstrate
that the sum of all hypercrossings in G has a near-linear rela-
tionship to the total wire length as measured after rectilinear
routing of any given placement.

Our experimental model for the linear arrangement problem
is very realistic. We use a state-of-the-art standard cell place
and route tool [24] that optimizes a placement of all cell nodes in
a single row and then completes the routing in a single channel.
The routing is accomplished with vertical and horizontal wire
segments in two metal layers, connected through vias. The tool
reports the total length of all wire segments in the channel as
the wire length. An example of routing channel sections for two
such placements is shown in Figure 1(a-b). Both sections of the
routing channel correspond to placement of 11 2-input NAND
cells at the bottom of each channel; cells are omitted for clarity.
The corresponding bigraph models corresponding to placements
in each routing channel are shown in Figure 1(c-d).

The layouts and graphs in Figure 1 correspond to 11 cell sec-
tions from a 67-cell, 66-net netlist example ref16 multi1 16.
The same netlist is given to two distinct placement tools. Both
placements are routed by the same channel router. Cells in
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the larger layout with 8 tracks have been placed by a stan-
dard cell place and route tool that minimizes the wire length;
the corresponding regular wire crossing number in the bigraph
model is 308 while the total hypercrossing is 198, the routed
wire length is 16,726�, and the routing area is 338,670�2 . Cells
in the smaller layout with 5 tracks have been placed by a tool
that minimizes the wire crossing; the corresponding regular wire
crossing number in the bigraph model is 222 while the total hy-
percrossing is 143 (a 27.8% reduction wrt to hypercrossing of
198), the routed wire length is 13,648� (a 18.4% reduction), and
the routing area is 236,430�2 (a 30.2% reduction). Given the
signi�cant di�erences in the two layouts, the question arises:
Can we expect to improve the performance of the placement al-
gorithms by minimizing the cost of wire crossing rather than any
of the cost models of total wire length in use currently?
In the next section, we introduce a methodology on the design

of experiments that provides the assurance that the signi�cant
improvements as observed for this circuit instance are not an
isolated case due to chance.

III. Design of Experiments

Design of Experiments and Experimental Design are well-
established disciplines in sciences and manufacturing processes;
keyword entries to popular search engines on the Web return
up to 11,259 and 32,086 hits, respectively. However, these hits
do not yet include the performance evaluation of algorithms in
CAD.
Two of the fundamental principles of experimental design

are randomization and replication. We adopt these principles
for the experimental evaluation of heuristics by (1) creating an
equivalence netlist class, and (2) repeating the experiments for
each member in the class. We illustrate the merits of the ap-
proach with a very simple example. Using the 67-cell, 66-net
netlist example of ref16 multi1 16-76 introduced in Figure 1
as a reference netlist, we create an isomorphism class of 100
netlist instances by simply randomizing the order of the nodes
in each netlist instance. Simulating any of these netlist produces
identical behavior { as expected. However, placing and routing
the 100 netlist with our state-of-the-art standard cell place and
route tool [24] induces a near-normal distribution of measured
wire length:

95% con�dence interval = [25; 176�; 26; 848�]

mean = 26; 012� (1)

standard deviation = 4; 199�

maximum = 36; 031�

minimum = 16; 726�

maximum reduction = 53:6%

where 95%-con�dence interval refers to the con�dence interval
for the mean of the population and the remaining parameters
are statistics based on 100 samples from the population class.
The maximum reduction of 53.6% refers to reducing the wire
length from the maximum of 36,031� (with an `unlucky' starting
order) to the minimum of 16,726� (with a `lucky' starting order)
{ without making a single change to the placement algorithm
itself.
The large variations in (1) make a strong case for formalizing

the Design of Experiments (DoE) and thereby the scienti�c basis
for the performance evaluation of algorithms in CAD. There
is no merit in evaluating and comparing performance of two
algorithms on the basis of a single instance of a reference circuit
(and report `improvements' even as dramatic as 53.6%). Making
comparisons across a few unrelated reference circuits has no

statistical signi�cance either. Variations such as observed and
reported for the example of an isomorphism class in (1), are not
unusual { they have been reported for a number of netlists and
placement algorithms as early as 1986 [27]. Additional and more
recent instances are reported elsewhere [25]. Not all instances
of reference circuits produce an isomorphism class that induces
as much variability as we report in (1). Study of equivalence
classes other than isomorphism is required to gain additional
insights to this problem. A brief introduction to such classes
is given in the next section. For the context of this paper, the
basic abstractions for DoE include:
1. an equivalence class of experimental subjects,
eligible for a treatment;
2. application of a speci�c treatment;
3. statistical evaluation of treatment e�ectiveness.
Here, a treatment is synonymous with a heuristic and an equiva-
lence class of experimental subjects is synonymous with a netlist
equivalence class. Figure 2 illustrates these abstractions in a
generic 
ow. In the context of this paper, the cost indexes refer
to the cost function minimized by any given placement algo-
rithm: either a model of total wire length or a model of total
wire crossing. The companion table shows a list of 21 place-
ments (treatments) for which we have designed experiments re-
ported in this paper: starting with a random placement (tr0) to
placements using a drawing package that optimize the cost wire
crossing and graph appearance (tr12, tr13 in [20]); placements
based on a number of new experimental algorithms that mini-
mize the cost wire crossing (tr14 {tr19 in [23]); and a state-of-
the-art standard cell placement and routing tool (tr20 in [24]).
For example, a distribution of wire length induced by Treat-

ment 3 for the same 100 instances of the isomorphism class
based on ref16 multi1 16-76, the same class used in (1), gen-
erates the following statistics:

95% con�dence interval = [22; 630�; 23; 922�]

mean = 23; 276� (2)

standard deviation = 3; 244�

maximum = 31; 630�

minimum = 17; 322�

maximum reduction = 45:2%

where the parameter description is the same as already provided
for (1). Notably, the wire length statistics for the two treat-
ments, tr20 in (1) and tr03 in (2) appear distinct even without
a t-test [28]. Indeed, for a two-tailed test at the � = 0:05 signi�-
cance level we have t0:975 = �1:972 while t-test based on statis-
tics in (1) and (2) shows that t = 28:38, clearly outside the range
of t0:975. Hence, we can be better than 95% con�dent that for
the isomorphism class based on a ref16 multi1 16-76, Treat-
ment 3 results in less wire length on the average than Treatment
20, i.e., it is better by design rather than due to chance.
For each treatment, we measure and report all three param-

eters of interest: total wire length (as reported by the router
after placement and routing), total (regular) crossing in the bi-
graph model, and total hypercrossing in the bigraph model. The
simpli�ed 
ow of the complete experimental design is shown
in Figure 3(a). Notably, the wire length is measured in mi-
crons in the routed channel of the layout while the respective
crossing numbers are technology independent and are subject
to relative positions of cell and net nodes after placement only.
The example in Figure 3(b), based on data for 100 instances
of the isomorphism class of ref16 multi1 16-76, demonstrates
the correlations between the wire length and hypercrossing dis-
tributions for two treatments:
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Design of Experiments to Compare Graph-Based Algorithms      
Class  ANY = SAME{#_of_nodes, #_of_edges,  #_of_perturbations, ...}  

Cost Index: crossing number, BDD size, logic area & level, layout area, ...     

class ANY

circuits

cost index

circuits

EVAL
apply

Algorithm_i

EVAL

circuits

cost index

apply
Algorithm_k

• • •

• • •

• • •

• • •
Algorithm_i == Treatment_i  

Legend

natural node order given by the input graph

BFS breadth-�rst order

GBFS 2-pass guided breadth-�rst order

dot as described in [20]

median as described in [22]

barycenter as described in [22]

median/ combines median and

barycenter barycenter

adaptive inserts each vertex optimally

insertion

adaptive adaptive insertion alternated

insertion++ with median/barycenter

SCPR Std. cell placement and routing

as described in [24]

Treat- Initial
ment Placement Final Placement

0 natural none

1 natural median

2 natural median/barycenter

3 natural barycenter

4 natural adaptive insertion

5 natural adaptive insertion++

6 BFS none

7 BFS median

8 BFS median/barycenter

9 BFS barycenter

10 BFS adaptive insertion

11 BFS adaptive insertion++

12 dot dot (24 iterations)

13 dot dot (48 iterations)

14 GBFS none

15 GBFS median

16 GBFS median/barycenter

17 GBFS barycenter

18 GBFS adaptive insertion

19 GBFS adaptive insertion++

20 SCPR SCPR

Fig. 2. Design of experiments to compare the placement produced by di�erent algorithms (treatments).

� the wire length distribution as summarized in (1), induced by
Treatment 20;
� the hypercrossing distribution induced by Treatment 20;
� the wire length distribution summarized in (2), induced by
Treatment 3;
� the hypercrossing distribution induced by Treatment 3.

The positive linear correlation of total wire length with total
hypercrossing, and the coe�cient of correlation of 98.25% in
Figure 3(b) is independent of the treatment we apply. The
questions addressed in the remainder of this paper include: (1)
what correlations can we expect with equivalence classes other
than the isomorphism class, and (2) how will correlation scale
as we vary the topology and increase the size of the reference
circuits for each class.

IV. Equivalence Classes

The concept of the isomorphism class, introduced informally in
the previous section, demonstrated merits and principles for the
design of experiments. In this section, we formalize the isomor-
phism class such that it leads naturally to the more generalized
concept of the mutation class for bipartite graphs.

Let Gr = (V0; V1; E) designate the reference bipartite graph.
A characteristic signature can be any number of mappings based
on parameters that relate to the size and distribution of vertices
and edges in Gr. For example, to support the de�nition of a
mutation class later in this section, we introduce a signature
�mut:

�mut(Gr) = fjV0j; (distjV1j); (dist(E))g (3)

where (distjV1j) denotes the distribution of vertices in V1, clas-
si�ed in terms of edges incident at each vertex, and (dist(E))
denotes the distribution of edges in E classi�ed in terms of con-
nected components that constitute Gr.
We create a perturbation graph G0

r from Gr as follows: (1) we
take a copy of Gr and randomly select and remove q edges from
E and put them into an empty urn, (2) we pick edges from the
urn and randomly connect vertices V0 and V1, until the urn is
empty.
We consider each placement of G = (V0; V1; E) as a presen-

tation hG; �0; �1i, where �i is a permutation of Vi. Two equiv-
alence classes we use in our experiments are the isomorphism
class Giso and the mutation class Gmut de�ned as

Giso = fpresentation ofhGr; �0; �1ig (4)

Gmut = fpresentation ofhG0
r; �0; �1ij�mut(Grg (5)

where �i are strictly random permutations.

Remarks. A presentation of the perturbation graph,
hG0

r; �0; �1i, is not necessarily in the mutation class. As ex-
pressed in (5), in order to belong to the mutation class, each
perturbation graph must also satisfy the signature �mut in (3) {
a non-trivial procedure which has been generalized for arbitrary
netlists and is described in [25]. Both the isomorphism class Giso
and the mutation class Gmut satisfy the signature �mut in (3):
both have the same number of nodes, edges, and connected com-
ponents { as well as the distribution of cell types, e.g. all nodes
in V1 have pi 2-pin nodes, qi 3-pin nodes, ri 4-pin nodes, etc.
The only random variable in Gmut (relative to Giso) is number

5
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of edges assigned to nodes in V0, i.e. the fanout of net nodes,
bounded by the signature. Satisfying the signature also implies
that no graph instance, drawn at random from the equivalence
class, will ever have any isolated nodes.

Confounding Properties of Each Class. For all of the
experiments reported and the datasets we archive, we took a
special precaution to assign to each instance of any class the
following properties:

P1: the order of all I/Os and interior nodes in the netlist is
random relative to all other members in the class (that is, �0
and �1 are uniformly random),
P2: the names of all I/Os and interior nodes in the netlist are
assigned randomly relative to all other members in the class.

Properties P1 and P2 are essential to good experimental de-
sign and must be maintained universally for all equivalence
classes. The purpose of P1 is clear. Without P2, some pro-
grams that rely on hashing the input data may unknowingly
undo the randomization of input presentations and confound
the experiments. An important lesson on this subject has been
learned and reported elsewhere [29].
A number of experiments, reported in the next section,

demonstrate the utility and application of both the isomorphism
and the mutation classes.

V. Experimental Results

The experiments are based on the model shown in Figure 2,
and more speci�cally, in Figure 3(a). Di�erent placements, i.e.,
Treatments 0{20, are applied to both the isomorphism and mu-
tation classes of data described in the paper. Unless stated
otherwise, each equivalence class consists of 100 instances of
netlists with the confounding properties of P1 and P2 as de-
�ned earlier. All treatments are applied to each instance of a
netlist in the class. The netlists of 2-layer graphs in our exper-
iments are representative of connected components extracted
from netlists available in [30]. Only seldom would such compo-
nents have a very large number of nodes { most have but a few
nodes, particularly in arithmetic circuits. We �nd it important
to conduct the �rst set of experiments with cells of the same
size; we assume two input pins for each cell in the following
(sparse) reference graphs:

� ref multi1 002, a 11-cell, 10-net single connected component
(32 pins)
� ref multi1 004, a 19-cell, 18-net single connected component
(56 pins)
� ref multi1 008, a 35-cell, 34-net single connected component
(104 pins)
� ref multi1 016, a 67-cell, 66-net single connected component
(200 pins)
� ref multi1 032, a 131-cell, 130-net single connected compo-
nent (392 pins)
� ref multi1 008Xn, a concatenation of n = 1; 2; 3; 4
ref multi1 008 graphs (representing n = 1; 2; 3; 4 connected
components with a total of 104, 208, 312, 416 pins) to be used
in the second part of the experiments in evaluation of the asymp-
totic behavior of placement algorithms.

For each presentation of input hG; �0; �1i, a treatment hk in-
duces a treated presentation hk(hG; �0; �1i) as hG; �

0
0; �

0
1i which

is in turn evaluated by common evaluator tools that process uni-
formly the results of all treatments:

� technology-speci�c channel router that completes all con-
nections in the channel and reports layout area and total wire
length of all rectilinear connections in the channel;
� technology-independent crossing evaluator which analyzes
the placement reports regular crossing and hypercrossing.

All classes of input data are being organized for easy ac-
cess through the Web; web-posting will include complete ta-
bles, for each treatment and each instance of a netlist from
an equivalence class, parameters such as layout area, wire
length, (regular) wire crossing, and hypercrossing. Statis-
tical summaries that include con�dence intervals of the re-
ported means, and t-tests to analyze the signi�cance of re-
ported di�erences between the means condense the results of
these tables. In this paper, Treatment 19 is found to be the
best overall treatment, and we also post cell permutations
�00; �

0
1 along with the respective routed wire length and cross-

ing numbers reported by this treatment. Reader of this text
should look under http://www.cbl.ncsu.edu/experiments/-

DoE Archives/DoE 0004 for completed archives of experimental
data presented in this paper.
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Fig. 4. Wire length in layout, as reported by the router, for Treatments 0-20 for two equivalence classes.

Due to space limitations, we con�ne the statistical summaries
of the experiments to composite illustrations shown in Figures
4, 5, and 6. We discuss our observations in the order of these
illustrations next.

Figure 4. The experiments summarized in Figure 4 are de-
signed to reveal:

� variability and performance of 20 linear placement algorithms
(Treatments 1 { 20) in contrast to random placement (Treat-
ment 0, representing the case of no treatment or a placebo treat-
ment);
� the sensitivity of each treatment relative to the two input data
classes: the isomorphism class and the mutant class;
� the relative ranking of all treatments with respect to total
wire length for both equivalence classes.

Data, as arranged in Figure 4 (sorted on the average total wire
length for each treatment), lead to following observations and
tentative conclusions:

� Regardless of the equivalence class, Treatment 19 consistently
outperforms all other treatments. The variability of wire length
distribution is greater for the mutation class but not dramati-
cally.
� Regardless of the equivalence class, Treatment 20 (based on
direct minimization of wire length) is consistently a poor per-
former relative to all other treatments except Treatment 1. The
variability of wire length distribution is greater for the mutation
class but not dramatically.
� All other treatments are ranked between Treatment 19 and
Treatment 20; there is some but not dramatic changing of ranks
when treatments are applied to the isomorphism class and the
mutation class. However, Treatments 14, 15, 16, and 17 are
displaying signi�cantly less variability in distributions for the
isomorphism class relative to the mutation class.
� All treatments signi�cantly outrank random placement
(Treatment 0). The variability of wire length distribution is
greater for the mutation class but not dramatically.
� The isomorphic class in Figure 4 is generated using a spe-
ci�c mutant (#76) from the mutant class as a `reference' and
represents one of the `harder' isomorphic classes we observed {
i.e. ones where variability of reported wire length is as vari-
able as the one shown for this isomorphism class. Clarifying
what `makes an isomorphic class' more di�cult from another,
is subject to research and conjectures.

Overall, Figure 4 provides a template for results of a useful
experiment that should be repeated for (a) additional classes
of circuits, (b) at least one more state-of-the-art placement and
routing tool driven by the objective of wire length minimization.

This objective is being pursued currently and additional results
will be reported later.

Figure 5. The experiments summarized in Figure 5 are based
on the template of the correlation experiment introduced in
Figure 3(b). The main objectives of these experiments are:
� to evaluate the correlation, for a given placement, between the
total hypercrossing in the graph model and the total wire length,
after rectilinear routing of all connection in a single channel.
� to assess the variability of correlation between the total hy-
percrossing and the total wire length in response to di�erent
treatments.
� to assess the variability of correlation between the total hy-
percrossing and the total wire length in response to di�erent
mutation classes.
� to examine the correlation between the (regular) wire crossing
in the graph and the hypercrossing.
Data, as arranged in Figure 5, lead to following observations
and tentative conclusions:
� The mutant class ref multi1 016 (a 67-cell, 66-net single con-
nected component with 200 pins) is large enough to visually dif-
ferentiate between the performance of Treatment 19 and Treat-
ment 20. However, both treatments induce the correlation coef-
�cient of 99.5%, comparable to 98.3% induced by Treatments 3
and 20 in Figure 3(b) on the isomorphism class ref multi1 016.
� As expected, the correlation of hypercrossing to regular cross-
ing for the mutant class ref multi1 016 is not as good. The
companion correlation graph shows a correlation coe�cient of
88.6%.
� The mutant class ref multi1 032 (a 131-cell, 130-net single
connected component with 392 pins) shows signi�cant di�er-
ence between the performance of Treatment 19 and Treatment
20. Here, two very distinct treatments induce the correlation
coe�cient of 99.7%!
� In the companion graph, we demonstrate that the correlation
coe�cient is truly independent of the treatment. Here, we su-
perimpose Treatment 20 and Treatment 0 (random placement).
Notably, both the slope and the correlation are close to those
for Treatment 19 and Treatment 20. Furthermore, Treatment
20 does represent a signi�cant improvement over Treatment 0.
Overall, Figure 5 provides a template to present results of any
number of correlation experiments. Additional experiment will
be conducted for additional classes of circuits.

Figure 6. The experiments summarized in Figure 6 are de-
signed to measure:
� asymptotic performance of two placement algorithms (Treat-
ments 19 and 20) and two equivalence classes { all while the
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Fig. 5. Wire length in layouts versus wire hypercrossing and regular crossing in graphs.

netlist doubles in the count of the pins and each instance of
the graph remains as a single connected component. We cre-
ate the families of isomorphism and mutation classes based on
ref multi1 00n (n = 2; 4; 8; 16; 32) for this purpose (32, 56, 104,
200, 392 pins).
� asymptotic performance of two placement algorithms (Treat-
ments 19 and 20) and two equivalence classes { all while the
netlist increases linearly in the count of the pins and each in-
stance of the graph becomes either 1, 2, 3, or 4 connected
components, each of the same size. We create the families of
isomorphism and mutation classes based on ref multi1 008Xn

(n = 1; 2; 3; 4) for this purpose (104, 208, 312, 416 pins).

Data, as arranged in Figure 6, leads to following observations
and tentative conclusions:

� First, consider the isomorphism and mutation classes of
ref multi1 00n (n = 2; 4; 8; 16; 32). Here, the performance of
Treatment 19 for the isomorphism class is comparable to the
performance of Treatment 19 for the mutation class. Similarly,
the performance of Treatment 20 for the isomorphism class is
comparable to the performance of Treatment 20 for the mu-
tation class. Note however, that the gap between the perfor-
mance of Treatment 20 versus Treatment 19 is growing rapidly:
from about 1,200� at 200 pins to 6,000� as the number of pins
increases to 392. There is no doubt that Treatment 19 will
continue to perform signi�cantly and increasingly better than
Treatment 20 as the size of graph instances increases in either
class.
� Next, consider the isomorphism and mutation classes of
ref multi1 008Xn (n = 1; 2; 3; 4). Here, only the performance
of Treatment 19 for the isomorphism class is comparable to the
performance of Treatment 19 for the mutation class. In contrast,
the gap in performance of Treatment 20 versus Treatment 19
is about 12,000� in the isomorphism class at the point of 416

pins. However, the gap in performance of Treatment 20 for the
mutation class at the point of 416 pins is wider still: about
85,000�!! We attribute the widening gap to the fact that, un-
like Treatment 19, Treatment 20 is clearly not aware of the four
isolated connected component construction of this equivalence
class when it reaches the size of 416 pins. Moreover, problem
instances for the Treatment 20 appear much harder with the mu-
tation class than the isomorphism class. Note however, there is
no such di�erence for Treatment 19; for both equivalence classes,
the wire length increases linearly with the increasing count of
the pins in the graph { as we would expect from an algorithm
that �nds connected components �rst, given the construction of
these graphs.

VI. Conclusion and Future Work

This paper is only the beginning of what we hope is a new ap-
proach to experimental study of the placement problem. We
could not have performed as detailed correlation and compari-
son studies without using the isomorphism and mutation equiv-
alence classes. Minimization of total wire hypercrossing rather
than minimization of total wire length may lead to a new gen-
eration of placement algorithms.
Using the Web, input data and treated output can be shared

and veri�ed so that di�erent groups working on the same prob-
lem can conduct repeatable experiments. Better heuristics are
often developed through a detailed understanding of why spe-
ci�c instances present di�culties, and such understanding is
made more likely when various data equivalence classes are sig-
ni�cant component of the experimental design. Some directions
to pursue later include:
� Experiments with alternative linear placement algorithms
that are minimizing the cost of total wire length.
� Comprehensive experiments with multi-row placement algo-
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Fig. 6. Aysmptotic behavior of treatments 19 and 20.

rithms, with a number of equivalence classes as inputs, with
correlation studies of routed wire length versus hypercrossing
similar to ones presented in this paper.
� New placement heuristics that directly minimize the cost of
hypercrossing (rather than regular crossing).
� A generalized model that supports correlation of hypercross-
ing to wire length with modules that may be of di�erent size
and shape.
For an up{to{date summary of all data presented in this paper,
see [31].

VII. Appendix

In this section we report additional results of experiments re-
garding the correlations among the three parameters of interest:
wire length in layout, regular wire crossing seen in a biplanar
embedding of the graph and the hypercrossing in the graph. We
also report results with additional equivalence classes, di�erent
from those discussed in Section V. We also show a comparison
of asymptotic behavior of the treatments 19 and 20 for these
equivalence classes.

Figure 7. This is a detailed correlation study for the three
parameters - wire length, regular crossing and hypercrossing for
the same two equivalence classes of Figure 5. It is evident that
although there exists reasonable correlation between wire length
and regular wire crossing, it is the hypercrossing that correlates
better than 99% with the wire length. Hence hypercrossing, and
not the regular wire crossing, should be the topological parame-
ter to deal with for optimizing the geometrical parameters such
as layout wire length. Presently, we do not have an algorithm
that minimizes hypercrossing. On the other hand, there are
good heuristics for regular wire crossing minimization, Treat-
ment 19 being one of the best known to date [23]. Hence, we
attempt to minimize the hypercrossing indirectly by minimiz-
ing the regular crossing. There is a good correlation between
regular crossing and hypercrossing, as seen in Figure 7. Thus,
minimizing regular crossing is a good heuristic for minimizing

hypercrossing, and in turn, the layout wire length.

Figure 8. We wanted to check whether the above observations
hold good for two{layer graph equivalence classes other than the
ref multi1 series, especially for two{layer graphs seen in typical
circuits. Hence, we picked one level from the circuit classifier
controller or cc from [30] (all the single-input nodes have been
removed from this graph since they do not add any complexity
in terms of wire crossing). The resulting graph is shown in
Figure 8. We replicated this graph 1, 2, 4 or 8 times to form
4 reference graphs cc lev1Xn, n = 1; 2; 3; 4. Both isomorphism
and mutation classes were generated for these 4 reference graphs
and the layout experiments repeated with treatments 19 and 20.

Figure 9. Here, we report the correlations among wire length,
regular wire crossing and hypercrossing for the mutation classes
cc lev1X4 and cc lev1X8. The observations are similar to re-
sults in Figure 7, further supporting the fact that wire length
follows hypercrossing more closely than the regular crossing, al-
though regular crossing minimization can be used to minimize
hypercrossing indirectly.

Figure 10. We report the correlations among wire length, regu-
lar wire crossing and hypercrossing for the isomorphism classes
cc lev1X4 and cc lev1X8. Notably, Treatment 19 always re-
turns the same value for the cost function (as one expects with
an optimal algorithm and an isomorphism class). However,
Treatment 20, failing to take advantage of isolated connected
components in the graph, produces results with wide variance.

Figure 11. Here, we report the asymptotic performance of
treatments 19 and 20 as we increase the problem size. The
observations of Figure 6 have been repeated for the equivalence
classes cc lev1Xn, (n = 1; 2; 3; 4) which are very di�erent from
the equivalence classes ref multi1 00n (n = 2; 4; 8; 16; 32) or
ref multi1 008Xn (n = 1; 2; 3; 4) of Figure 6. Treatments 19
and 20 are quite comparable for cc lev1X1, but di�er widely
(the performance ratio being 7:1 for the isomorphism class and
5:1 for the mutation class) for the largest graphs.
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Fig. 9. Wire length in layout versus hypercrossing and regular crossing and correlation between hypercrossing and regular crossing.
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