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Abstract { Traditionally, the algorithms that optimize placement of cells in a VLSI layout rely on a cost
function that includes a distance metric. The choice of a cost function may limit the choices in devising
new, more e�cient and more e�ective algorithms. The metric we propose relies on the interval graph of net
nodes, induced by each speci�c placement of cells into a row. Nominally, the metric associated with this graph
is the chromatic number (�). The new cost function, proposed in this paper, is the hypercrossing number
(HC), de�ned by the cardinality of the edge-set of the interval graph. This metric relates to the edge crossing
number (EC) in the corresponding bipartite graph, depends on cell and net order only, and is independent
of the target technology.
Currently, there is no explicit algorithm to place cells such that the hypercrossing number is minimal, but

edge crossing minimization algorithms are available. We demonstrate, experimentally and with statistical
signi�cance, the following results for the linear placement problem: (1) cost functions based on distance
metric and technology-speci�c wire length measured after routing have a positive linear correlation with
the hypercrossing number (with a coe�cient of correlation nearly 100%); (2) total wiring area, measured
after routing, is highly correlated with the product of the hypercrossing and chromatic number; (3) the
edge crossing number in the corresponding bipartite graph model is highly correlated with the hypercrossing
number; (4) relatively simple heuristic algorithms that minimize the edge crossing number in bipartite graphs
also e�ectively minimize the hypercrossing number, producing linear placements of quality that can be better
then or comparable to state-of-the-art placement algorithms { but at a much lower cost of computation.

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

1 Introduction

In submicron-technology, the interconnect dominates the performance and the area of VLSI circuits and
systems on the chip. Traditionally, the algorithms that optimize placement of cells in a VLSI layout rely
on a cost function that includes a distance metric. Algorithms that use distance metric as a cost function
include approaches as diverse as simulated annealing [1, 2, 3], quadrisection [4], and recursive and quadratic
programming [5, 6, 7, 8, 9, 10, 11]. Comparisons between di�erent wire length objectives are presented in
[12, 13]. Models and algorithms for accurately estimating the average interconnect length for both random
and optimized placements have been presented in [14]. Abstract placement models, such as presented in
[15], also aim to minimize the channel density.

Algorithms based on edge crossing number in graphs are few in the VLSI �eld. The edge crossing
number and wiring area have been investigated to �nd lower bounds on the layout area and the maximum
edge length of a variety of computational networks [16]. In [17], authors attempt to minimize the total
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number of crossings by eliminating the redundant ones. Given a global routing, the problem of `properly'
distributing the set of edge crossings among the regions has been studied in [18]. Edge crossing minimization
as a post-optimization problem after global routing is reported in [19].

However, in �elds as diverse as economics, social sciences, mathematics and computer science, research
on edge crossing number minimization in graphs has been carried out for many years. Edge crossing theory
has been developed to improve the readability of hierarchical structures [20]. The problem of placing vertices
for minimum edge crossing number is NP-complete, even for 2-layer graphs [21]. Graph drawing packages
can now be obtained from the Web [22], [23]. A textbook, bringing this research up-to-date, is now available
[24].

The choice of a cost function may limit the choices in devising new, more e�cient and more e�ective
algorithms. The metric we propose relies on the interval graph of net nodes, induced by each speci�c
placement of cells into a row. Nominally, the metric associated with this graph is the chromatic number (�).
The new cost function, proposed in this paper, is the hypercrossing number (HC), de�ned by the cardinality of
the edge-set of the interval graph. This metric relates to the edge crossing number (EC) in the corresponding
bipartite graph, depends on cell and net order only, and is independent of the target technology.

Currently, there is no explicit algorithm to place cells such that the hypercrossing number is minimal.
However, we demonstrate, experimentally and with statistical signi�cance, the following results for the linear
placement problem:

1. cost functions based on distance metric and technology-speci�c wire length measured after routing
have a positive linear correlation with the hypercrossing number (with a coe�cient of correlation
nearly 100%);

2. total wiring area, measured after routing, is highly correlated with the product of the hypercrossing
and chromatic number;

3. the edge crossing number in the corresponding bipartite graph model is highly correlated with the
hypercrossing number;

4. relatively simple heuristic algorithms that minimize the edge crossing number in bipartite graphs also
e�ectively minimize the hypercrossing number, producing linear placements of quality that can be
better then or comparable to state-of-the-art placement algorithms { but at a much lower cost of
computation.

Speci�cally, our experiments are conducted on a number of equivalence class circuits, with 100 circuits
in each class, including the isomorphism classes and the mutant classes of increasing size [25]. We rely on
two representative placement algorithms using a cost function that includes a distance metric: one based on
quadrisection for standard cell layouts [4, 26], and one based on a state-of-the-art simulated annealing for
FPGA layouts [3, 27]. While heuristics to minimize hypercrossing number directly are yet to be invented,
we rely on two representative placement algorithms that minimize the edge crossing number in graphs only:
the median heuristic [24], and the adaptive insertion++ heuristic [28]. We record results of placement by
each algorithms in four ways. First, we record the technology-independent parameters such as edge crossing
number EC, the hypercrossing number HC, and the chromatic number �. Second, we route the given
placement with a standard cell router in OASIS [26] and record the total wire length, number of tracks, and
the total wiring area. Third, we route the given placement with a FPGA router in VPR [3, 27] and record
the total wire length, number of tracks, and the total wiring area. Fourth, we record CPU time to execute
placement only algorithm for each circuit instance. All algorithms are implemented and executed serially
on the same CPU (SUN Ultra 2). A number of statistical charts summarize the result of each experiment,
including correlations of interest between the reported parameters.

The paper is organized into following sections: (2) Background and Motivation; (3) Design of Experi-
ments; (4) Experimental Results; (5) Conclusions.
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2 Background and Motivation

(c)  bipartite graph model  (crossing number = 18)
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(b)  interval graph of nets as nodes, induced by the placement 
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(a)  netlist model (simple wire length = 22, hypercrossing = 10)
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Figure 1: Graph models and key parameters associated with a linear cell placement.

Consider a simple netlist with 11 cells and 10 nets. Figure 1 illustrates three graph models related to the
linear placement of such a netlist:

(a) traditional netlist model, here with nets labeled (mi; ni) and routed rectilinearly in three tracks for
visual simplicity above the cells, labeled as (ai; bi; ci). Without loss of generality, arc-based grid-less
routing could be used to illustrate the same points;

(b) interval graph of nets as nodes, induced by the speci�c placement (net nodes are represented with solid
lines, edges are shown as dotted lines);

(c) a 2-layer bipartite graph model of net nodes and cell nodes. A speci�c placement induces the order of
both the net nodes and cell nodes (net nodes are represented as squares, cell nodes are ovals, and edges
are represented as straight lines).

Five parameters can be readily associated with these linear placement models:

SWL (simple wire length): Simple wire length is a measure of total interconnection length based on a
weighted sum of all net cuts. A net cut corresponds to the number of (weighted) nets cut by the plane
separating two adjacent cells. Assuming that all cells are placed on a unit grid, and that all nets have
unit weight, the simple wire length for the example in Figure 1(a) is then 22. This measure was used
to report results of optimized linear placements in [29, 30].

HC (hypercrossing number): Formally, hypercrossing number HC is de�ned by the cardinality of the
edge-set of the interval graph of nets, induced by a speci�c linear placement. For the example in
Figure 1(b), the hypercrossing number is 10. To illustrate a physical interpretation of hypercrossing,
we extend each net in Figure 1(a) with an additional anchor pin, and connect the pin with a vertical
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net segment to the horizontal net segment. We place this pin at a height that exceeds the topmost
horizontal segment. This extension of each net has no e�ect on the simple wire length (SWL) as de�ned
earlier. However, the extension does induce a unique set of net crossings (hypercrossings), shown as 10
circles in Figure 1(a), that have a one-to-one correspondence with the edge-set of the interval graph of
nets in Figure 1(b). Notably, the cardinality of the edge-set is invariant to the net order.

� (chromatic number): Chromatic number � is the traditional parameter of interest for an interval graph
and can be be found in linear time with a left edge algorithm [31]. For an interval graph induced by
a linear placement, the chromatic number gives an upper bound on the number of routing tracks that
consist of non-overlapping routing segments. For the example in Figure 1(b), the chromatic number is
3.

EC (edge crossing number): We associate an edge crossing number EC with a bipartite two-layer graph
that is derived from a netlist model in Figure 1(a) as follows: (1) sort all nets in the interval graph
(induced by linear placement) by their left-edge coordinate, i.e. the minimum value of the interval;
(2) replace each net with a net node and place the resulting nodes onto the line y = 1 in the order
determined by the sort of the interval graph; (3) place all cell nodes onto the line y = 0 in the order
induced by linear placement; (4) connect net nodes and cell nodes with straight line edges in accordance
with the adjacency list.
The edge crossing number EC is the total number of line intersections induced by the given placement
of net nodes and cell nodes. For the example in Figure 1(c), the edge crossing number is 18.

HC � � (area index): Area index is a composite based on two parameters associated with the interval
graph: hypercrossing number HC and � (chromatic number). While the hypercrossing number alone
correlates extremely well with the total wire length reported by a given router, our experiments will also
demonstrate that the product of hypercrossing and chromatic number also signi�cantly improves the
linear correlation of area measured after placement and routing, compared to correlating the measured
area with hypercrossing number alone.

Illustrative Experiments. The simple circuit in Figure 1 is deceptively hard for a number of state-of-the-
art placement algorithms. Intuitively, one expects that a better linear placement can be found by placing the
11 cells in di�erent order, minimizing the simple wire length, hypercrossing, chromatic number, or the edge
crossing number. Questions that arise include: what is the \best placement" in terms of these parameters
and, would minimizing a speci�c single parameter minimize them all?

We illustrate the variability of performance of several algorithms by designing a series of experiments
with the isomorphism equivalence class of 100 netlists based on the simple netlist in Figure 1. This approach
is fundamentally di�erent from the traditional approach where a number of algorithms is tested on a single
instance of a circuit representation. Intentionally, we devise, for any given netlist, an isomorphism class as
follows:

P1: create a new instance of the netlist by randomizing the order of all nodes in the netlist;

P2: assign random names to all nodes in each instance of the netlist.

Properties P1 and P2 are essential to good experimental design and must be maintained universally for all
equivalence classes, not only the isomorphism class. The purpose of P1 is clear. Without P2, some programs
that rely on hashing the input data may unknowingly undo the randomization of input presentations and
confound the experiments. Important lessons on this subject have been learned and reported in [25, 32]. We
introduce other other equivalence classes, also used in our experiments, later in the paper.

We performed a series of �ve experiments on the isomorphism equivalence class of circuit in Figure
1. These experiments involve distinct algorithms and we refer to each algorithm as a treatment. Treat-
ment numbers 0{19 come from earlier experiments on edge crossing minimization as reported in [28]. The
treatments we use here are:

� Designated as TR0, this experiment is equivalent to a random placement since we are placing the node
in the order given by the netlist;
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� Designated as TR7, this placement minimizes edge crossings, based on the median heuristic [24];

� Designated as TR19, this placement minimizes edge crossings, based on the adaptive insertion++
heuristic [28];

� Designated as TR20, this placement minimizes a distance-based metric, based on the standard-cell
quadrisection heuristic [4, 26];

� Designated as TR21, this placement minimizes a distance-based metric, based on the FPGA simulated
annealing heuristic [3, 27].

TR 0 TR 7 TR 19 TR 20 TR 21
mean s.d. mean s.d. mean s.d. mean s.d. mean s.d.

SWL 42.4 10.6 15.3 2.13 14 0 16.9 2.24 15.2 2.07
� 6.6 0.99 2.32 0.47 2 0 2.4 0.49 2.26 0.44
HC 32.2 5.44 5.33 1.77 4 0 8.13 2.65 5.72 1.98
EC 60.1 10.7 6.84 6.85 4 0 12.3 5.89 10.1 6.79
HC � � 216.8 65.9 13.1 7.0 8 0 20.9 9.02 13.5 7.18
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Figure 2: Summary of experiments with the isomorphism class of the circuit example in Figure 1.

The results of this series of experiments are summarized in Figure 2. All graph parameters de�ned in
Figure 1 are tabulated for each of the experiments. The mean and standard deviation are based on instances
of 100 circuits in the isomorphism equivalence class. A number of observations one can infer from these
results may be surprising:

� The signi�cant variance of reported means for TR0, an e�ectively random placement, is expected, and
as shown in Figure 2(b), the distribution of hypercrossing is nearly normal.

� Algorithms corresponding to TR7, TR20, TR21 show non-trivial variance of reported means { for all
parameters listed. The span of extreme variations can be signi�cant. For example, the minimum and
maximum simple wire length (SWL) as reported by TR21 (simulated annealing) varies from 14 to 22.
Initiating a single experiment with a `good' starting point can `reduce' the cost function by some 32%
without even `improving' the algorithm. This span increases as the size of circuits increases, as shown
in later experiments.
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� Only the algorithm corresponding to TR19 exhibits the `expected ideal' behavior when tested with
an isomorphism class: variance of 0 for each reported mean! Furthermore, the placement reported is
optimal in terms of the edge crossing number of 4 [28].

� As shown in Figure 2(c), the distribution of hypercrossing corresponding to TR7 does reach the minimal
value 46 times out of 100. Similar distributions occur with the other treatments (except for the ideal
TR19 and the signi�cantly worse TR20) and with other cost functions.

� For this simple example, the reported simple wire length of 14, chromatic number of 2, hypercrossing
of 4 and area index of 8 are also optimal.

� The near-perfect correlation between the hypercrossing and simple wire length as reported for both
TR0 (random placement) and TR7 (median heuristic) is revealing { and is clearly independent of the
placement algorithm used. The slope of the line is the same for several di�erent circuit classes of as
well. The relationship suggested by the data is SWL = (1 + �)HC + n � 1, where n is the number
of cells. It appears that the circuits we've considered tend have one net continuing past each cell in
addition to the two connecting it as we move from left to right. The small � factor suggests that with
more hypercrossings, there may occasionally be more than one continuing net.

� The relationship between hypercrossings and edge crossings is more complex. It makes sense that
EC = � �HC, but � depends on two main factors: (i) the average number of cells per net (� will be
slightly larger than this average when the EC solution quality is low to moderate; if this average is
signi�cantly greater than 2, there should be a quadratic dependence on it, but this does not show up
in our sample circuits), and (ii) the quality of the EC solution: � will decrease signi�cantly as EC
approaches optimum; the linear correlations in our data the tables account for this decrease in � with
a negative added term that is related to the size of the graph.

Our experiments strongly suggest that it is in some sense easier to focus on the edge crossing metric
when optimizing placement for any or all of the other metrics. At any intermediate stage of a heuristic
that iteratively improves placements based on bipartite edge crossing, the net nodes serve as anchors to
keep each net tied together as it moves to separate itself from other nets. The strong correlation between
edge crossing and metrics that impact the �nal routing makes it possible to use simpler, better, and/or
less computationally intensive edge crossing minimization algorithms as a substitute for existing placement
algorithms in state-of-the-art physical design tools. In what follows we report experimental results that are
a �rst step in that direction.

3 Design of Experiments

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.

Using a simple example in the preceding section, we have already demonstrated merits of replicating the
experiments for circuits in the isomorphism equivalence class, making a strong case for formalizing the Design
of Experiments (DoE) and thereby providing 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. Making comparisons across a few unrelated reference circuits has no
statistical signi�cance either. Variations on the order of 50% are not unusual and have been observed and
reported for a number of cases that only involve circuits in the isomorphism equivalence class [25, 32, 33, 34].
Study of equivalence classes other than isomorphism is required to gain additional insights and we conclude
this section with a brief introduction to such classes. For the context of this paper, the basic abstractions
for DoE include [33]:

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.
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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, ...     
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Figure 3: Design of experiments to compare the placement produced by di�erent algorithms (treatments).
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Here, a treatment is synonymous with a heuristic and an equivalence class of experimental subjects is syn-
onymous with a netlist equivalence class. Figure 3 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 algorithm:
either a model of total wire length or a model of total edge crossing. The companion table shows a list of
5 placements (treatments) for which we have designed experiments reported in the preceding section and in
the rest of this paper.

For each treatment, we measure and report the parameters of interest illustrated in Figure 1 and de�ned
in the preceding section. The simpli�ed 
ow of the complete experimental design is shown in Figure 4(a).
For each netlist, in each equivalence class, we execute:

� each of treatments 0, 7, 19, 20, 21 to place the netlist;

� invoke technology{speci�c channel routers OASIS and VPR to generate the layout (for standard cell
layout and FPGA respectively) and report the total wire length and routing area;

� invoke a technology-independent crossing evaluator to report the edge crossing, hypercrossing and
simple wire length model in the placement.

The example in Figure 4(b), based on data for 100 instances of the mutation class of ref16 multi1 16,
demonstrates the correlations between the wire length and hypercrossing distributions, and the wiring area
and the hypercrossing distributions for two treatments, Treatment 20 and Treatment 21 { both evaluated by
a common standard cell placement router in OASIS. While both treatments are very di�erent, the respective
correlation coe�cients are very high: 99.5% and 97.5% respectively { and note that the Treatment 21,
designed to place FPGA cells, is actually much better than Treatment 20, designed to place standard cells.
In addition, the coe�cient of correlation is clearly 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 this class, and (2) how will correlation scale as we vary the topology and increase the size
of the reference circuits for each class.

Mutation Equivalence Classes. The concept of the isomorphism class, introduced informally in the
previous section, demonstrated merits and principles for the design of experiments. Here, we formalize the
isomorphism 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 (1)

where (distjV1j) denotes the distribution of vertices in V1, classi�ed in terms of edges incident at each
vertex, and (dist(E)) denotes the distribution of edges in E classi�ed in terms of connected 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 a fraction q of 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 presentation hG; �0; �1i, where �i is a permutation
of Vi. Two equivalence classes we use in our experiments are the isomorphism class Giso and the mutation
class Gmut de�ned as

Giso = fpresentation ofhGr; �0; �1ig (2)

Gmut = fpresentation ofhG0

r
; �0; �1i; j�mut(Grg (3)

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 expressed in (3), in order to belong to the mutation class, each perturbation graph must also satisfy
the signature �mut in (1) { 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
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(1): both have the same number of nodes, edges, and connected components { 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 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.

4 Experimental Results

Due to space constraints, we present only a few representative results in this section. The experiments are
based on the model shown in Figure 3(a). We use Treatments 0, 7, 19, 20 and 21 to place the circuits and
then both the VPR and OASIS router to route them. Results presented here compare the performance of
the placement algorithms and determine the correlations between the various cost functions and the layout
parameters such as wire length and wiring area.

The test cases comprise of isomorphism and mutation classes of circuits of varying complexity. These are
representative of connected components extracted from netlists available in [35]. The netlists can be broadly
classi�ed into two groups:

� circuit graphs with a single connected components { denoted by ref multi1 n, n=2,4,8,16,32, with
4n + 3 cells and 4n + 2 nets. The equivalence class graphs thus have 32, 56, 104, 200, 392 pins
respectively.

� circuit graphs with multiple connected components { denoted by ref multi1 008Xm, m=1,2,3,4,
which is a concatenation of 1, 2, 3, 4 circuits of type ref multi1 008. The equivalence class graphs
thus have 104, 208, 312 and 416 pins, respectively.

We generate isomorphism and mutation classes of each reference graph (ref multi1 n or ref multi1 008Xm)
as described in the preceding section. For each netlist in each equivalence class we execute the work
ow as
shown in Figure 3(a), which serially executes each of treatments 0, 7, 19, 20, 21 on each netlist and tabulates
results for all parameters of interest. Our results are summarized in statistical charts as shown in Figures 5
to 11.
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Figure 5: Wire length, as reported by two routers (OASIS and VPR), for two equivalence classes and four
placements (Treatments 7, 19, 20, 21).

Figure 5. The experiments summarized in Figure 5 are designed to reveal:

� variability and performance of the �ve placement algorithms (Treatments 0,7,19,20,21);

� the sensitivity of each treatment relative to the two input data classes: the isomorphism class and the
mutant class;

11



� the relative ranking of all treatments with respect to total wire length for both equivalence classes.

Data, as arranged in Figure 5 (sorted on the average total wire length for each treatment), lead to following
observations and tentative conclusions:

� Treatment 0, representing the case of no treatment or a placebo treatment), is always far worse than
other treatments. Treatment 0 results are not plotted to permit rendering other results on an expanded
scale.

� For the isomorphism class and routing by OASIS router, Treatment 19 results in the same wire length
for each circuit which should be the case for isomorphic circuits. However, all other treatments show
a wide variation in performance with Treatment 21 being the worst.

� For the mutation class and routing by OASIS router, we see a variation over the class for all the
treatments which is expected since all the circuits are di�erent. Treatment 20 is the worst performer
here. Performances of Treatment 19 and Treatment 21 are comparable (statistically indistinguishable),
although Treatment 21 has a slightly lower mean than Treatment 19.

� For routing by the FPGA router VPR, same observations are repeated for the isomorphism class.
Treatment 19 shows same performance for all the circuits while all other treatments have variations.
Treatment 20 data are not included here since we found it to be consistently performing worse than
Treatment 19.

� For the mutation class and routing by VPR, Treatment 19 is marginally better than Treatment 21,
however, the di�erences are not signi�cant.

The trend seen in Figure 5 are mostly repeated for other equivalence classes too. Treatment 19 shows the
least variation for the isomorphism classes and has the best overall results although Treatment 21 does not
lag far behind. Treatment 21 is sometimes marginally better than Treatment 19 although the di�erences are
not statistically signi�cant.
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Figure 6: Experiments with the ref multi1 032 mutation class and Treatment 19 after routing with OASIS:
a correlation report.

Figure 6. The experiments summarized in Figure 6 are similar to the correlation experiment introduced
in Figure 4(b). The basic di�erence is that instead of Treatment 21 being applied to the mutation class of
circuit ref multi1 016, it is Treatment 19 applied to the mutation class of circuit ref multi1 032.

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 and area, after rectilinear routing.

� to examine the correlation between the edge crossing in the graph and the hypercrossing.

� to examine the correlation between the simple wire length model of [30] and the hypercrossing.
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Data, as arranged in Figure 6, lead to following observations and tentative conclusions:

� Figure 6(a) depicts excellent correlation between the hypercrossing and the wire length reported by
the router. It is clear that hypercrossing can be used to predict the wire length with good accuracy.
Notably, the hypercrossing is a topological property of the placement and it is independent of the
technology in which the placement is going to be routed. This topological parameter can be used as
a cost function that can be optimized with a view to optimizing the layout wire length, irrespective
of the target technology. Although not evident from this �gure, the correlation between wire length
and hypercrossing is found to hold good irrespective of the treatment used for placement or the router
used for routing.

� In Figure 6(b), we see very good correlation between the routing area (as reported by the OASIS
router) and the product of the hypercrossing and the chromatic number of the net interval graph.
Area, being a two{dimensional parameter, correlates better with this product while the wire length
correlates well with the hypercrossing.

� In Figure 6(c), we see excellent correlation between the hypercrossing and the edge crossing (in the
bigraph). It implies that one can minimize hypercrossing indirectly by minimizing the regular wire
crossing. This observation is important since we do not have an algorithm to minimize hypercrossing
directly. On the other hand there are many good heuristics for edge crossing minimization, Treatment
19 being one of the best known to date [28]. Thus minimizing edge crossing is a good heuristic for
hypercrossing minimization, and in turn, the layout wire length.

� Finally, in Figure 6(d), we see excellent correlation between the hypercrossing and the simple wire
length modeled in [30] as a cost function for linear placement. The near perfect correlation implies
that we can substitute hypercrossing for the traditional cost function of simple wire length.

Figure 7. The experiments summarized in Figure 7 are similar to the correlation experiment introduced
in Figure 6. The basic di�erence is that instead of Treatment 19 being applied to the mutation class of
circuit ref multi1 032, it is Treatment 21 that is applied to the same mutation class. Regardless of the
fundamental change of the placement algorithm applied to generate this data, we observe:

� The correlation charts in Figure 6(a) and Figure 7(c) show comparable (high) correlation of hyper-
crossing to wire length reported by OASIS router.

� The correlation charts in Figure 6(c) and Figure 7(f) show comparable (high) correlation of edge
crossing to hypercrossing reported by the cross evaluator.

� The correlation charts in Figure 6(d) and Figure 7(g) show comparable (high) correlation of simple
wire length to hypercrossing length reported by the cross evaluator.

� The correlation charts in Figure 6(b) and Figure 7(d) show comparable (high) correlation of area index
(product of hypercrossing and chromatic number) to wiring area reported by OASIS router.

� Correlations speci�c to Treatment 21 include:

{ Figure 7(a), with correlation coe�cient of 95.9% of cost model optimized directly by Treatment
21 relative to wire length reported by OASIS router { whereas the correlation coe�cient for the
hypercrossing (for the same placement) relative to wire length is reported at 96.6% in Figure 7(c).

{ Figure 7(e), with correlation coe�cient of 98.8% of hypercrossing relative to the cost model opti-
mized directly by Treatment 21.

{ Figure 7(b), with correlation coe�cient of 78.3% of cost model optimized directly by Treatment
21 relative to the wiring area reported by OASIS router { whereas the correlation coe�cient for
the area index (product of hypercrossing and chromatic number, for the same placement) relative
to wire length is reported at 85.3% in Figure 7(d). This demonstrates that both hypercrossing
and chromatic number are important when correlating to the wiring area after routing.
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Figure 7: Experiments with the ref multi1 032 mutation class and Treatment 21 after routing with OASIS:
a correlation report.
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Figure 8: Experiments on aysmptotic behavior with eighteen equivalence classes and three placements (Treat-
ments 19, 20 and 21): reporting wire length after OASIS routing.
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Figure 8. The experiments in Figure 8 summarize the asymptotic behavior with 18 equivalence classes and
three placements (Treatments 19, 20, and 21) { all reporting wire length mean values after OASIS routing.

� Figure 8(a) shows wire length mean values for �ve isomorphism classes of type ref multi1 xxx. While
di�erences in Treatment 19 and 21 are minor, Treatment 20 is clearly not scaling well with the increasing
circuit size in the given equivalence class.

� Figure 8(b) shows wire length mean values for �ve mutation classes of type ref multi1 xxx. While
di�erences in Treatment 19 and 21 are minor, Treatment 20 is clearly not scaling well with the in-
creasing circuit size in the given equivalence class. In fact this class appears to exhibit behavior, for
all algorithms, that is similar to the behavior for the isomorphism class. However this is not the case
for the two classes described next.

� Figure 8(c) shows wire length mean values for four isomorphism classes of type ref multi1 008Xn.
Here the di�erence between all classes is very distinct, with Treatment 19 performing the best.

� Figure 8(d) shows wire length mean values for four mutation classes of type ref multi1 008Xn. Here,
the di�erences in Treatment 19 and 21 are minor, while Treatment 20 is clearly not scaling well with
the increasing circuit size in the given equivalence class.
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Figure 9: Experiments on aysmptotic behavior with eighteen equivalence classes and three placements (Treat-
ments 19, 20 and 21): reporting area after OASIS routing.

Figure 9. The experiments in Figure 9 summarize the asymptotic behavior with 18 equivalence classes and
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three placements (Treatments 19, 20, and 21) { all reporting wiring area mean values after OASIS routing.
Results reported in these charts parallel those in Figure 8 and observations and conclusions are similar.
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Figure 10: Experiments on aysmptotic behavior with ten equivalence classes and two placements (Treatments
19 and 21): reporting wire length after VPR routing.

Figure 10. The experiments in Figure 10 summarize the asymptotic behavior with 10 equivalence classes
and two placements (Treatments 19 and 21) { all reporting wire length mean values after VPR routing.

� Figure 10(a) shows wire length mean values for �ve isomorphism classes of type ref multi1 xxx. It is
quite clear that the asymptotic performance for Treatment 19 degrades less rapidly with the increasing
circuit size in the given equivalence class.

� Figure 10(b) shows wire length mean values for �ve mutation classes of type ref multi1 xxx. Here,
the trend shows that the asymptotic performance for Treatment 21 may degrade less rapidly with the
increasing circuit size in the given equivalence class.
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Figure 11: Experiments on aysmptotic behavior with ten equivalence classes and two placements (Treatments
19 and 21): reporting average CPU time for the placement.

Figure 11. Given that Treatment 19 and Treatment 21 appear to produce placements of comparable
quality, the question arises what is the CPU cost of executing each treatment. The experiments in Figure
11 summarize the asymptotic behavior with 10 equivalence classes and two placements (Treatments 19 and
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21) { all reporting mean CPU time required to execute each treatment for each circuit in a given equivalence
class.

� Figure 11(a) shows mean CPU time for �ve isomorphism classes of type ref multi1 xxx. It is quite
clear that the asymptotic performance for Treatment 19 is signi�cantly better than the performance
of Treatment 21, with the increasing circuit size in the given equivalence class.

� Figure 11(b) shows mean CPU time for �ve mutation classes of type ref multi1 xxx. While for this
circuit class, the asymptotic performance for Treatment 19 is not as good as the isomorphic class,
its overall performance is still signi�cantly better than the performance of Treatment 21, with the
increasing circuit size in the given equivalence class.

5 Conclusion and Future Work

These experiments demonstrate that simpler and faster algorithms based on edge-crossing minimization can
yield placements whose quality is good in a universal sense, independent of the target technology. Much
work remains to be done, both to certify the correlations among metrics for larger classes of circuits and to
develop better heuristics based on our �ndings. Among the open questions that remain are:

� Is there a compelling reason why heuristics that focus on the EC metric have an easier time optimizing
it and the other metrics? The net nodes in the bipartite graph model serve as anchors to keep each
net tied together as it moves to separate itself from other nets. A simple experiment illustrates the
power of these net nodes. Using the isomorphism class of the circuit illustrated in Figure 1, we applied
a simple iterative median heuristic (Treatment TR1 from [28], which is the same as TR7, but without
a breadth-�rst search to do initial placement) to the placements generated by TR21, the simulated
annealing heuristic with a distance-based metric. On small circuits there was signi�cant improvement in
EC but not in the other metrics. Limited experiments on larger circuits yielded signi�cant improvement
in all metrics. It would be interesting to see whether the simulated annealing heuristic is capable of
improving placements generated by heuristics based on the EC metric.

� How easy is it to optimize the hypercrossing number directly? We suspect, but have not proven that
the problem is NP-hard. Would it be easy to develop good heuristics for minimizing HC?

� Do our results carry over to denser circuits (ones with a higher ratio of nets to cells)?

� What is the exact nature of the correlations among various metrics? How do they depend on density
and other parameters?

� As better heuristics for minimizing EC are developed, will they necessarily do a better job of minimizing
the other metrics whenever they improve EC results?

� How can our techniques be gainfully applied to two-dimensional placement problems?
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