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Abstract { More than a thousand mathematical problems
arising in engineering and science have been shown to be NP-
hard. Problems of practical size that are NP-hard can only be
solved by devising polynomial-time heuristics, with no guaran-
tee whatsoever on the quality of the solution. Extensive exper-
imentation and comparative analysis is required before we can
decide on a `better heuristic'. Past e�orts to do either have
been, for the most part, ad hoc. While there is no shortage of
published claims of `incremental improvements' with a partic-
ular heuristic, they are not supported by a test of hypothesis
such as `Is the improvement due to improved heuristic used
by the algorithm or due merely to chance?'
This paper introduces motivation, context, and an approach

to begin addressing and resolving such hypotheses using the de-
sign of experiment techniques rooted in the scienti�c method.
Keywords: design of experiments, circuit mutants, equiva-

lence class, benchmarking.

I. Introduction

The design of experiments is regarded as an aspect of the sci-
enti�c method: the application of logic and objectivity to the
understanding of the phenomena. Its essential feature is the
examination of what is already known and the formulation
therefrom of the hypotheses which may be put to experimen-
tal test. Statistics provides a rationale for choosing criteria by
which the possible di�erences in observations of two or more
related experiments can be tested and interpreted.
We accept the methods and principles of experimental de-

sign: randomization, replication, and organization to reduce
error, �rst formalized by R.A. Fisher in [1, 2], and adopted
widely in many �elds of science since. In the limited space
available, we ask questions and propose solutions to the fol-
lowing, numbered in the order of sections in which we orga-
nized this paper:
(2) how to demonstrate the intrinsic variability in perfor-

mance metrics that are optimized by heuristic algorithms
solving NP-hard problems? Can we formulate and put to
test the null hypothesis H0 [3, 4] for two algorithms: There is
no di�erence between the algorithms { i.e. any observed dif-
ferences of `optimized performance measures' are merely due
to random 
uctuations in sampling from the same population?
(3) how to abstract the basic work
ows in the design and

execution of experiments?
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(4) how to develop a number of well-de�ned equivalence
classes of data as inputs for test of hypothesis with a variety
of algorithms, ranging from physical design to logic synthesis
and test?
(5) how to summarize, on a single page, results of a com-

prehensive 2-algorithm experiment, involving 8 data set sizes,
6 equivalence classes for each data set, and 100 instances of
a problem in each equivalence class { a total of 8*6*100 =
4800 data �les processed by each of the two algorithms under
evaluation?
(6) how to relate this tutorial to the on-going team e�ort in

[5, 6, 7, 8, 9, 10, 11, 12, 13], on mutant classes, comprehensive
experiments, and the infrastructure to support collaborative
and peer-reviewed design, execution, and archival of CAD
algorithm experiments on the World Wide Web?

II. Motivation

We analyze examples of experiments that are tabulated in
\old-style" templates and contrast them with templates that
conform to accepted norms in the design of experiments. The
purpose of the symbolic \old-style" template in Table I is to
draw attention to the fact that a report of an experiment on
single instances of unrelated subjects would not be acceptable
in publications related to bio-medicine1.

TABLE I

A template not acceptable in bio-medicine.

E�ect of E�ect of \Improvement"
Subject Treatment1 Treatment2 %

one cat a1 a2 100(a2=a1� 1)
one cow b1 b2 100(b2=b1 � 1)
one rat c1 c2 100(c2=c1� 1)
. . . . . . . . . . . .
. . . . . . . . . . . .

. . .

One could raise at least two obvious objections to such
comparison of two treatments: (1) a single subject is not
representative of the population of its class, (2) subjects in
this experiment are too diverse, genetically and in size, for
meaningful comparisons. And yet, this template is precisely
the one we use most often for the \comparative performance
analysis" of two algorithms: just by replacing `subject' with
`circuits' and 'Treatment' with 'Algorithm' we get the table
as shown in Figure 1(a). This data is based on an actual
publication, scaled to avoid identi�cation. The 21 circuits are
a subset from [14]. Most readers of CAD-related publications
will readily recognize this template. The question arises: can
we really `jump to conclusions' that Algorithm2 is `better'

1JAMA, 1997;277:927-934. Under http://www.ama-assn.org/

public/journals/jama/sc6336.htm the guidelines stipulate: Describe statisti-

cal methods with enough detail to enable a knowledgeable reader with access to

the original data to verify the reported results. When possible, quantify �ndings

and present them with appropriate indicators of measurement error or uncer-

tainty (such as con�dence intervals). .... Discuss the eligibility of experimental

subjects. Give details about randomization.



(a) \Old-style"performance comparisons

Unrelated Min. Cost Min. Cost Claimed

Circuits via Alg1 via Alg2 Reduction

Circuit1 649.00 563.00 13.25%

Circuit2 120.00 86.00 28.33%

Circuit3 379.00 348.00 8.18%

Circuit4 213.00 207.00 2.82%

Circuit5 907.00 843.00 7.06%

Circuit6 277.00 276.00 0.36%

Circuit7 1775.00 1625.00 8.45%

Circuit8 276.00 256.00 7.25%

Circuit9 277.00 275.00 0.72%

Circuit10 1478.00 1359.00 8.05%

Circuit11 6150.00 5217.00 15.17%

Circuit12 745.00 675.00 9.40%

Circuit13 972.00 862.00 11.32%

Circuit14 223.00 162.00 27.35%

Circuit15 400.00 312.00 22.00%

Circuit16 118.00 72.00 38.98%

Circuit17 218.00 151.00 30.73%

Circuit18 112.00 90.00 19.64%

Circuit19 24.00 18.00 25.00%

Circuit20 67.00 52.00 22.39%

Circuit21 467.00 380.00 18.63%

Average 15.48%

Summary of observations:
� Data listed as column Claimed Reduction in template (a) has no sta-
tistical signi�cance. Sample to sample variations of same magnitude are
routinely observed in such experiments and also illustrated in (b-c) below
(which also use 21 samples only).
� Mean/variance corresponding to minimized cost columns in (a) are
754.62/1354.7 and 658.52/1158.73 for Algorithm1 and Algorithm2, re-
spectively. With data as shown, t-test, F-test, and U-test all con�rm the
null hypothesis that population means are equal, i.e. any improvement
we may attribute to Algorithm2 is not signi�cant and due to chance only.
� Data in the minimized cost columns in (b) raise the question whether
the 21 samples are su�cient to reject the null hypothesis that that pop-
ulation means are equal. We �nd t = 2:36 > tcrit=0:975 = 2:02, hence at
the 5% level, the di�erences in the mean are signi�cant and we reject the
null hypothesis. With 100 samples, the di�erence in mean is signi�cant
at level much less than 1%.
� Data in the minimized cost columns in (c) raise the question whether
the distributions reported by the same algorithm for (isomorphic) in-
stances of the same circuit can indeed meet the null hypothesis. We �nd,
for 21 samples, (circuit instances of 10 to 30 and 80 to 100 respectively)
t = 0:576 > tcrit=0:975 = 2:02, i.e. the di�erence in population means
is not signi�cant at the level of 5%. Same conclusions apply to larger
sample sets.

(b) Data for proposed performance comparisons

Class of Min. Cost Min. Cost

rd53 via SIS-alg via SIS-bool

WD-0001 42 31

WD-0002 40 45

WD-0003 40 30

WD-0004 42 29

WD-0005 42 41

WD-0006 40 41

WD-0007 42 31

WD-0008 42 41

WD-0009 38 45

WD-0010 42 44

WD-0011 40 29

WD-0012 40 40

WD-0013 40 30

WD-0014 38 47

WD-0015 42 29

WD-0016 42 29

WD-0017 42 30

WD-0018 42 40

WD-0019 40 37

WD-0020 40 43

WD-0021 38 45

Mean 40.67 37.00

St. Dev. 1.47 6.81

<26.528 30 32 34 36 38 40 42 44 46 48
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(c) Data for proposed evaluation of equivalence classes

Class of Min. Cost Class of Min. Cost

V65E3-64 via DOT V65E3-64 via DOT

WD-0010 2 WD-0080 0

WD-0011 21 WD-0081 6

WD-0012 46 WD-0082 11

WD-0013 24 WD-0083 25

WD-0014 57 WD-0084 0

WD-0015 34 WD-0085 36

WD-0016 24 WD-0086 57

WD-0017 17 WD-0087 10

WD-0018 44 WD-0088 32

WD-0019 28 WD-0089 20

WD-0020 26 WD-0090 19

WD-0021 0 WD-0091 57

WD-0022 52 WD-0092 0

WD-0023 10 WD-0093 23

WD-0024 17 WD-0094 36

WD-0025 34 WD-0095 13

WD-0026 57 WD-0096 34

WD-0027 50 WD-0097 22

WD-0028 24 WD-0098 32

WD-0029 5 WD-0099 49

WD-0030 0 WD-0100 24

Mean 27.24 24.10

St. Dev. 18.00 16.69

<0 7.5 17.5 27.5 37.5 47.5 57.5 67.5
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Fig. 1. Templates for tabulating old (a) and proposed (b-c) experiments with CAD algorithms.

just because the `claimed reduction' column seems to suggest
this?

Data presented in Figure 1(b) is part of a larger set of exper-
iments in logic synthesis available from the Web [8]. Speci�-
cally, we list optimized number of 2-input nodes as reported by
SIS-alg and SIS-bool [?] for a set of 21 isomorphic instances of
a small circuit rd53 { generated as Class WD of circuit mu-
tants with 0 perturbations, by merely randomly reordering

the nodes in the netlist (as a special case of perturbation-
based classes of mutants, also posted on the Web). Clearly,
both algorithms are quite sensitive to the order of nodes in
the netlist, shown in more detail in the companion histogram
for 100 circuits in this class. The question arises: are the
population means of these distributions the same?

Data presented in Figure 1(c) is also a part of a larger
set of experiments in physical design available from the Web

2
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Fig. 2. Basic work
ows in the design of experiments.

[8]. Speci�cally, we list optimized number of wire crossings
as reported by a state-of-the-art program DOT [15] for two
sets of 21 isomorphic instances of a small planar two-layer
graph V65E3-64. Again { these graphs are in Class WD of
circuit mutants with 0 perturbations. Given that this is a
planar graph, one may be surprised that the algorithm reports
only 11 instances out of 100 where wire crossing has been
reduced to 0! The companion histogram shows that for some
initial orderings of the netlist, wire crossing cannot be reduced
below 65 with this algorithm. The question arises: will the
hypothesis test con�rm that the distributions generated by
the same algorithm for (isomorphic) instances of the same
circuit belong to the same population?

Correct answers to these questions are not obvious without
applying some statistical tests such as t-test, F -test, U -test,
and others, now accessible in textbooks, e.g. [?], and in a
number of statistical software packages. Some of the answers
are summarized in the box of Figure 1. Overall, the limited
set of results discussed in this section brings out the following:

� The \old-style" of reporting results such as shown in Fig-
ure 1(a) does not provide enough support to claims of im-
provements at a recognized and acceptable level of statistical
signi�cance.
� There can be a nontrivial level of pairwise di�erences be-
tween two algorithms on any given sample. More signi�cant
tests, such as discussed earlier, and the con�dence intervals
for the mean and di�erences of means, must be considered
before we can draw conclusions about the merits of each al-
gorithm.
� There can be nontrivial levels of pairwise di�erences be-
tween two instances of a circuit in the same equivalence class,
even when evaluated by the same algorithm. To establish
class equivalence, more signi�cant tests, such as discussed ear-
lier, and the con�dence intervals for the mean and di�erences
of means, must be considered before we can draw conclusions
about the unique properties of each class.

III. Workflow Abstractions in DoE

We discuss four abstractions in the design of experiments
(DoE): a simpli�ed 
ow from bio-medicine, and three 
ows
related to experiments in VLSI CAD. At the level of abstrac-
tion considered in this paper, the 
ows shown in Figure 2
are quite similar. The input data to each 
ow is an equiva-
lence class, depicted as a single bar distribution: e.g. a class
of closely related subjects for experiments in bio-medicine, or
closely related circuits for experiments in CAD algorithms. In
the bio-medical experiment, the treatment may consist sim-
ply of prescribing a drug to lower blood pressure. In the CAD
experiment, we consider an algorithm that minimizes some
cost functional as analogous to a treatment in bio-medicine.
Henceforth, we will use the term treatment interchangeably
in both contexts since the same or similar statistical meth-
ods will apply to evaluation of distributions that arise after
treatment, regardless of the class and target application.

(a) A basic experiment in bio-medicine. The distin-
guishing characteristics of this experiment are (1) the e�ort
to produce a su�ciently `similar' and su�ciently `large' sub-
ject class AB before splitting them into equal size classes A
and B, and (2) the e�ort to maintain a consistent environ-
ment for subjects in both classes during the entire duration of
the experiment. Ideally, at the beginning of the experiment,
subjects in either class will maintain properties of class AB,
such as

Class AB = SAMEfsex; age;weight; diet;

activity; blood pressure; :::g (1)

Treatment may consist of administering, at regular intervals
and for a signi�cant period of time, a placebo to group A, and
a blood pressure reducing drug to group B. Upon completion
of treatment, subjects are measured for blood pressure levels
and any side-e�ects. Statistical methods are applied to ana-
lyze new data gathered from both groups and validate tests of
hypotheses, e.g. is the blood pressure reducing drug e�ective

3



at a level that is statistically signi�cant as well as safe.

(b) Circuit mutant class experiments. These experi-
ments mirror the concepts introduced for the basic experiment
in bio-medicine as discussed above. The only di�erence is that
subject are now circuits and the treatment implies application
of an algorithm to the circuits. While we formalize the notion
of circuit mutant classes in the next section, we draw atten-
tion to analogies in the de�nition of subject classes such as
introduced in (1) and the circuit mutant classes introduced
in (2), (3). The class WSI, wiring signature-invariant class,
maintains invariant most parameters that relate to circuit
structure. Any parameter variations are within well-de�ned
bounds.

Class WSI = SAMEfjnodesj; jedgesj; levelwise

and typed net distributions; :::g (2)

The class FPI, functional perturbation-invariant class, main-
tains invariant most parameters that relate to circuit function.
Any parameter variations are within well-de�ned bounds.

Class FPI = SAMEfjnodesj; jedgesj; functional

perturbation distributions; :::g (3)

In the context of Figure 2(b), `no minimization of cost' is
equivalent to the `placebo' or `no treatment' described earlier.
For example, we may compare quality indices of placements
of a netlist in `natural order' versus placements optimized by
an algorithm. In both cases, we will get a distribution of
placement indices. Again, statistical methods and tests of
hypotheses can be applied to quantify the e�ectiveness of the
particular algorithm. However, before proceeding to discuss
comparisons of two algorithms, we need to introduce and an-
alyze experiments with the isomorphic class.

(c) Isomorphic class experiments. There is no exact
analogue for isomorphic classes in bio-medicine. The clos-
est one can get is to select class AB in (1) under additional
constraints, e.g. identical twins if subjects are humans; ge-
netically engineered clones if subjects are animals or plants.
The class ISO, isomorphic class, is simply a class of identical
netlists, just rendered in di�erent random order.

Class ISO = fSAME netlists; in di�erent

random orders; :::g (4)

For a given algorithm, experiments with isomorphic classes
of circuits have one of the two characteristic outcomes: (a)
there is no dispersion in the minimized cost index for any
order of the netlist; and (b) there is dispersion in the mini-
mized cost index for at least one order of the netlist. We say
that the algorithm is speci�cation-order-dependent upon ob-
serving the outcome (a), and speci�cation-order-independent
upon observing the outcome (b).
The example in Figure 1(b) illustrates instances of two

state-of-the-art algorithms in logic minimization that are
speci�cation-order-dependent, even for isomorphic netlists
with less than 100 nodes. Figure 1(c) illustrates instances
of a state-of-the-art algorithm in wire crossing minimiza-
tion that is speci�cation-order-dependent for similarly-sized
netlists. Maximum variations observed in Figure 1(b) are
(45/29 -1 ) =55.2%, and (57/2 -1) = 2950% in Figure 1(c).
As shown in the companion histograms, these variations in-
crease further as we increase the size of the isomorphic class
from 21 to 100. On the other hand, the maximum variation
claimed as `reduction' of Algorithm2 vs Algorithm1 in the
`old-style' experiment in Figure 1(a) is 38.98%, again raising
the question whether any reported `improvements' are due to

chance alone. Additional results, with larger isomorphic class
circuits, for algorithms ranging from logic synthesis to placed
and routed layouts, are reported and archived for ready access
on the Web [8].
The �rst known recorded instance of using relatively small

isomorphic netlist classes to test performance of placement
algorithms was reported more than a decade ago [16]. Ap-
parently, merits of such experiments were not put to another
test until generalized to perturbation-based mutant classes in
[5, 17, 10].

(d) Multiple comparison experiments. As shown in Fig-
ure 2(d), these experiments execute any of the three circuit
classes, WSI, FPI, ISO, with two or more algorithms. Of-
ten, WSI and ISO class may be used to test the perfor-
mance of algorithms in physical design as well as logic syn-
thesis. Typically, classes FPI and ISO may be used to test
the performance of algorithms in logic synthesis and veri�ca-
tion. Rigorous multi-comparison statistical methods can be
applied to the analysis of distributions resulting from such
experiments [4].

IV. Classification of Circuit Mutants

The instances of isomorphic class circuits ISO in (4) and
Figure 1(b-c), bring out important properties of typical CAD
algorithms: most may induce a class distribution with signi�-
cant variance rather than a variance of 0 (expected by an ideal
algorithm). The question arises: can we generate equivalence
classes in some well-de�ned `neighborhoods' of the isomorphic
class, such that we can study the sensitivity of each algorithm
to di�erences between the `neighborhood class' and the iso-
morphic class.
We have generated the �rst generation of classes in the

`neighborhoods' of the isomorphic class and called them cir-
cuit mutants [17, 9, 10]. The mechanism of choice to generate
a mutant class is a perturbation technique. First, we select
any circuit from the isomorphic class and call it a reference
circuit. Second, we characterize its major invariant parame-
ters to create a class signature. Third, we subject each copy
of a reference circuit to a set of random but controlled-size
perturbations, giving rise to a mutant class of circuits for each
perturbed copy of the reference circuit.
Speci�cally, we introduce wiring perturbations and func-

tional perturbations, each giving rise to distinct classes of
circuit mutants. The class WSI, wiring signature-invariant
class introduced in (2), maintains invariant most parameters
that relate to circuit structure. The class FPI, functional
perturbation-invariant class introduced in (3), maintains in-
variant most parameters that relate to circuit function. We
brie
y illustrate the fundamental principles for both classes.

Wiring Perturbation Classi�cation and Analysis.
Consider the simple example of the reference circuit in its
canonical form in Figure 3(a1) [17]. The canonical form gives
rise to a conditional incidence relation, a basic signature, and
an extended signature. The basic signature for this example
can be veri�ed by inspection. There are 3 primary input
nets, 2 at level 0, 1 at level 3. There are 7 nets driven by
feedthroughs: 2 at level 1, 1 at level 2, 1 at level 3, etc. There
are 9 nets driven by 2-input cells: 1 at level 1, 2 at level 2, 1
at level 3, etc. The extended signature is in the form of fanout
bounds that must be always satis�ed during the mutant syn-
thesis process. In the example shown, the circuit is subject
to 2-wire perturbations at each level. During the perturba-
tion phase, two wires are selected randomly and removed at
each level. During the mutant synthesis phase, two wires are
re-introduced at each level and connected randomly, subject
to wiring signature invariance constraints.
The example in Figure 3(a2) is a histogram of 800 WSI

4



1 2 4 5 630

c

a

b.1

d

e

s

p

r

g

b

f

a.1
d.1 d.2 d.3

g.1

c.1

h q

  Net node     |        Levels of net nodes
  properties   |  0    1    2    3    4    5    6
---------------|-----------------------------------
 Prim. Inputs  |  2    0    0    1    0    0    0 
Prim. Outputs  |  0    0    0    0    0    1    1                                       
feedth. cells  |  0    2    1    1    3    0    0
 2-inp. cells  |  0    1    2    1    1    3    1

Canonical form of a full-adder and its signature distribution 
Shown also: 2-wire (random) perturbation per circuit level

(a1) Reference circuit under wiring signature-
invariant perturbations
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Layout area reported by OASIS

(a3) Evaluating a standard cell layout flow with  
a mutant equivalence class

(a) Wiring perturbations inducing  equivalence mutant classes and evaluation of algorithms

(b1) Reference circuit under  functional 
perturbations

(b3) Evaluating a BDD variable ordering with 
a mutant equivalence class 

(b2) Classifying 1000 responses to random 
functional perturbations 

(b) Functional perturbations inducing  equivalence mutant classes and evaluation of algorithms
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Fig. 3. Wiring (a) and functional (b) perturbations inducing equivalence mutant classes and evaluation of algorithms.

mutants of circuit C1355 [14], classi�ed in terms of the fanout
coe�cient of variation FCV , an average across all levels of
standard coe�cient of fanout variation [9]. Note that the
distribution peaks for a value of FCV = 31:0%, while for
the reference circuit (and isomorphic class of C1355) we have
FCV = 29:8%. We propose to use the classi�cation in terms
of FCV to extend the range of isomorphic classes. Applying
100 mutants from the C1355 WSI subclass with FCV = 31%
to a layout tool [18] gives rise to a near-normal distribution
in Figure 3(a3) { similar to the distribution obtained for the
isomorphic class, but with a larger reported mean and a larger
variance.

Functional Perturbation Classi�cation and Analysis.
Consider the generic example of the reference circuit con-
nected to its own copy as shown in Figure 3(b1) [10]. Each
input of the reference circuit copy is perturbed with outputs
from the sequence generator which has the property that all
possible sequences can be generated on its outputs except the
sequence f0000 : : : 00g. This condition ensures that at least
one input of the reference circuit copy is always perturbed rel-
ative to inputs that are applied to the reference circuit. All
outputs of both circuits are XOR-ed and are of interest in the
proposed simulation experiment.

The experiment involves (1) application of random patterns
to circuit primary inputs, (2) application of random sequences
to perturb the inputs of the reference circuit copy, (3) clas-
sifying the XOR-ed outputs of both circuits by the number
of outputs with observable perturbations. Results of such an

experiment are shown for circuit C499 [14] in Figure 3(b2);
notably there are over 160 circuits where perturbations are ob-
servable on exactly 17 outputs (from a total of 41 outputs).
The near-normal distribution that peaks at 17 outputs be-
comes apparent already after the simulation of 100 patterns
and its shape changes little from the one shown for 1000 pat-
terns.
Data and classi�cation based on the simulation of the ref-

erence circuit give rise to synthesis of the FPI (functional
perturbation-invariant) mutant classes. For example, we can
readily identify input patterns that perturb exactly 17 out-
puts in the context of Figure 3(b1). Subsequently, we can
form classes with 1-minterm, 2-minterm, 3-minterm, . . . , per-
turbations that will perturb exactly 17 outputs. We must
merely remove the sequence generator and replace the refer-
ence circuit copy with minterms that always fan out to di�er-
ent but exactly 17 XORs marked during the simulation. Fur-
ther, we can re�ne such classes to be also entropy-invariant;
and by monitoring interior cuts in the circuit, we can also
introduce function-invariant circuit mutants [10]. The his-
togram in Figure 3(b3), is based on 100 mutants, from the
C499 subclass of 2-minterm perturbation onto 17 outputs
while maintaining entropy-invariance. BDD variable ordering
algorithm [19] has found mostly di�erent orders (and hence
BDD sizes) for each mutant. The spread in BDD sizes is
considerably out-of-proportion to the applied functional per-
turbations. A known good order, applied to the same mutant
class, induces a distribution whose variance is negligible com-
pared to the variance shown in Figure 3(b3) [10].
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  Number of comparisons required to sort N = 1024 items

           (in several mutant equivalence classes)
          5% class     10% class     15% class    ...  100% class

Mutant   HS     QS    HS     QS    HS     QS         HS     QS

------  -----  -----  -----  -----  -----  -----  ...  -----  -----

  1     30266  32998 30194  31130 30053  43708  ...  28343  16591

  2     30308  58905 30074  33000 30158  36918  ...  28262  16839

  3     30329 134017 30167  39974 30122  25672  ...  28328  16021

  4     30329  38812 29921  56403 29891  22132  ...  28364  16154

  5     30278  88484 30182  29019 30110  23334  ...  28244  15228

  6     30236  76125 29930  36908 30170  24913  ...  28172  16548

  7     30299  48076 30194  46443 30158  40072  ...  28424  15487

  8     30326  66827 30272  31091 30089  29174  ...  28244  15674

  9     30257  85059 30221  43510 30188  26300  ...  28274  17247

 10     30287  44791 30152  51236 30158  27408  ...  28361  17097

...      ...    ...    ...    ...    ...    ...   ...   ...    ...

...      ...    ...    ...    ...    ...    ...   ...   ...    ...

100     30272  48445 30134  33554 30146  35943 ... 28424  16736

(a)  In each class, a  total of 100 files,   N=1024 items in each file  are sorted
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(d) Mutant class size (N)

QuickSort (100%
Mutant Class)

(2.2656)*N*log(N)
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(e) Mutant class size (N)
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Mutant Class)

(3.942)*N*log(N)

Fig. 4. Design of an experiment: comparing performance of two sorting algorithms.

V. Statistical Approach: An Example

We select two algorithms whose average-case behavior can,
to a large extent, be analyzed explicitly: HeapSort (HS) and
QuickSort (QS). Both have known average-case behavior: to
sort a record of N items, the average number of comparisons
is cHS � N � log(N) and cQS � N � log(N), respectively. The
constants cHS and cQS depend on the ordering pro�le of data:
the worst-case behavior for QuickSort is cQS �N2 in the spe-
cial case where data is already sorted. We have designed the
experiment in three phases.

(1) Benchmark data synthesis:
� create a reference data set of 8 data �les, each containing
32-, 64-, 128-, 256-, 512-, 1024-, 2048-, 4096-unique items in
a sorted order.
� create eight mutant data directories, each consisting of mu-
tant class subdirectories of 5%-, 10%-, 15%-, 20%-, 40%-,
100%-mutant classes, with 100 data �les in each class. Each
�le in the q-%-mutant class is derived from the parent refer-
ence data �le by randomly permuting positions of q-% items
in the �le.

(2) Algorithm evaluation:
� invoke HeapSort to sort items in each of the 8�6�100 = 4800
benchmark data �les and tabulate the number of comparisons
taken to complete each of 4800 sorts.
� invoke QuickSort to sort items in each of the 8 � 6 � 100 =
4800 benchmark data �les and tabulate the number of com-
parisons taken to complete each of 4800 sorts.

(3) Statistical evaluation:

� organize tables of results from both algorithms to support
various standardized forms of sample testing.
� make a determination, within speci�ed limits of con�dence,
about the comparative performance of each algorithm.

Summary of this experiment in Figure 4:

� Figure 4(a) shows actual samples of data tabulated for some
of the perturbation classes. Note the relative `stability' of
comparisons for the HeapSort (HS).
� Figure 4(b) shows histograms for QuickSort (QS) and Heap-
Sort (HS) for the mutant class of N = 1024 items, based on
the 40%-perturbation subclass.
� Figure 4(c) shows the `box graphs' for QuickSort (QS) and
HeapSort (HS) of all 6 perturbation subclasses for the mutant
class of N = 1024. Note that at the 15%-perturbation sub-
class, there is a `crossover' point for the two algorithms. It is
also clear that for 40%-100%perturbation subclasses, Quick-
Sort (QS) performs measurably better.
� Figure 4(d-e) summarizes the performance of both algo-
rithms for the 100%-perturbation subclass and a range of val-
ues for N . Note that one of the major objectives of this com-
parison has been achieved, since we have determined the `con-
stants' for both algorithms: cHS = 3:942 and cQS = 2:2656.

Since both algorithms are relatively stable, the precision of
statistical estimates in this example is much higher than nom-
inally required { i.e. we could do with less than 100 samples
and fewer classes to arrive at comparable conclusions. Com-
plete data sets related to this experiment are posted on the
Web [8].
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Fig. 5. Conceptual view of a testbed for the distributed design and distributed execution of experiments.

VI. Collaborative Experiments

We are working towards a web-based testbed environment to
facilitate design of experiments for multi-disciplinary teams
of distributed participants. The testbed will support design,
execution, and performance evaluation of algorithms that ad-
dress NP-hard problems in the context of speci�c applications
in CAD of VLSI systems. In addition, the testbed will sup-
port clearance, classi�cation, synthesis, and archival of test
data serving as inputs to various algorithms, and standardized
report generation based on archived results of experiments.

Near-term Objectives.
1. Generate a number of equivalence class mutant circuits,
conduct a series of comprehensive illustrative experiments,
archive tables of results and summaries, and post everything
on the Web for easy access and independent comparative anal-
ysis. The �rst pass of the initial experiments, and data which
can be observed on the Web pages is detailed in [8].
2. Post guidelines and calls for participation in collaborative,
peer-reviewed experiments and engage a core of leaders to
contribute to the initial experiments.
3. Plan a series of meetings with participants and peers dur-
ing forthcoming meetings, such as ICCAD'98.
4. Convene a workshop to consider formalization of methods
in design of experiments and data classi�cation, issuing a set
of guidelines on reporting results of experiments, similar to
those adopted by over 500 journals in biomedicine, in exis-
tence since 1978.

Project Status. Figure 5 depicts a high-level view of
the proposed web-based and web-executable testbed environ-
ment. As explained earlier, having drawn analogies to tradi-
tional �elds in the design of experiments, the terminology such
as Treatment k is interchangeable with Algorithm k. Signif-
icant components of the testbed environments are:
� problem-speci�c but universally accessible archives of Input
data (serving also as a `placebo' for the experiments in the
same treatment class);
� problem-speci�c and user-con�gurable encapsulation of a
program that implements a speci�c algorithm in place of
Treatment k;
� problem-speci�c but universally accessible archives of
Treated data;
� problem-speci�c parameterized but shared analysis pro-
gram Analysis 0, generating impartial Single treatment
reports, including tests of signi�cance and hypothesis;
� problem-speci�c parameterized but shared analysis pro-
grams Analysis j, generating impartial Multiple comparison
treatment reports, including tests of signi�cance and hy-
pothesis.
An example of the Internet-based executable work
ow envi-

ronment that implements many features represented in Figure

5 is shown in Figure 6. Notably, we use a single evaluation

Fig. 6. Web-based implementation of a speci�c placement
evaluation work
ow, reported by Place Eval.

program Place Eval to evaluate results reported during in-
termediate and �nal phases of a speci�c placement algorithm:
these include total and critical wire crossing, total and critical
wire length, average wire density, layout width, height, area,
etc. This is just one of the work
ows we plan to demonstrate
on-line in the University University Booth during the 1998
Design Automation Conference, June 15{17 in San Francisco.

VII. Conclusions

The brief analyses of data generated by various algorithms
support the notion that extensive experimentation and rigor-
ous statistical analysis are required to test a hypothesis such
as

`Is the improvement due to the choice of the algorithm or
due to chance?'

This is particularly true for problems of practical size that are
NP-hard. We conclude that in order to measure performance
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of graph-based algorithms, the research community in CAD
for VLSI and computer science should fundamentally change
the way it designs and reports on results of such experiments.

Acknowledgments. Many ideas described in this paper are
an integral part of a larger team project and are described in
more detail in [5, 6, 7, 8, 9, 10, 11, 12, 13]. This paper is a
tutorial introduction to the overall scope of this e�ort.

References

[1] R. A. Fisher. Statistical Methods, Experimental Design, and Scienti�c

Inference. Oxford University Press, 1993. Reprinted, with corrections,

from earlier versions, 1925-1973.

[2] R. A. Fisher. Statistical Methods and Scienti�c Inference. Hafner Press,

1973. Reprinted, with corrections, from earlier versions, 1956-1959.

[3] K. A. Brownlee. Statistical Theory and Methodology In Science and Engi-

neering. Krieger Publishing, 1984. Reprinted, with revisons, from second

edition, 1965.

[4] J. C. Hsu. Multiple Comparisons: Theory and Methods. Chapman &

Hall, 1996.

[5] N. Kapur, D. Ghosh, and F. Brglez. Towards A New Benchmarking

Paradigm in EDA: Analysis of Equivalence Class Mutant Circuit Dis-

tributions. In ACM International Symposium on Physical Design, April

1997.

[6] N. Kapur and F. Brglez. Benchmarking Cell Placements Using A Bipar-

tite Graph Model. Technical Report 1997-TR@CBL-08-Kapur, CBL, CS

Dept., NCSU, Box 7550, Raleigh, NC 27695, Oct 1997. Also available

at http://www.cbl.ncsu.edu/publications.

[7] D. Ghosh, N. Kapur, J. Harlow, and F. Brglez. Synthe-

sis of Wiring Signature-Invariant Equivalence Class Circuit Mu-

tants and Applications to Benchmarking. In Design Automation

& Test - Europe (DATE'98), February 1998. Also available at

http://www.cbl.ncsu.edu/publications/.
[8] F. Brglez (Editor). A Brief Tour From The Home Page on WWW Sta-

tistical Experiment Archives: Benchmark Descriptions and Posted Solu-

tions to NP-hard Problems. Technical Report 1998-TR@CBL-01-Brglez,

Version 1.0, CBL, CS Dept., NCSU, Box 7550, Raleigh, NC 27695,

February 1998. Also available at http://www.cbl.ncsu.edu/publications.

[9] D. Ghosh. Synthesis of Wiring Signature-Invariant Equivalence

Class Sequential Circuit Mutants and Applications to Benchmark-

ing. Technical Report 1998-TR@CBL-05-Ghosh, CBL, CS Dept.,

NCSU, Box 7550, Raleigh, NC 27695, April 1998. Also available at

http://www.cbl.ncsu.edu/publications.

[10] J. E. Harlow III and F. Brglez. Characterization of Functional

Perturbation-Invariant Mutant Equivalence Classes and Application to

Design of Experiments in Veri�cation and Logic Synthesis. Tech-

nical Report 1998-TR@CBL-06-Harlow, CBL, CS Dept., NCSU,

Box 7550, Raleigh, NC 27695, April 1998. Also available at

http://www.cbl.ncsu.edu/publications/.

[11] H. Lavana, A. Khetawat, F. Brglez, and K. Kozminski. Executable

Work
ows: A Paradigm for Collaborative Design on the Internet. In

Proceedings of the 34th Design Automation Conference, pages 553{558,

June 1997. Also available at http://www.cbl.ncsu.edu/publications/.

[12] H. Lavana and F. Brglez. WebWiseTclTk: A Safe-Tcl/Tk-based Toolkit

Enhanced for the World Wide Web. Technical Report 1998-TR@CBL-

02-Lavana, CBL, CS Dept., NCSU, Box 7550, Raleigh, NC 27695, Apr

1998.

[13] H. Lavana and F. Brglez. WebWiseTclTk, OmniDesk and OmniFlows:

A User-Con�gurable Distributed Design Environment inside a Web-

Browser. Technical Report 1998-TR@CBL-03-Lavana, CBL, CS Dept.,

NCSU, Box 7550, Raleigh, NC 27695, Apr 1998. Also available at

http://www.cbl.ncsu.edu/publications/.

[14] S. Yang. Logic Synthesis and Optimization Benchmarks User Guide.

Technical Report 1991-IWLS-UG-Saeyang, MCNC, Research Triangle

Park, NC, January 1991.

[15] E.R. Gasner, E. Koutsi�os, S.C. North and K.P. Vo. A

Technique for Drawing Directed Graphs. IEEE Trans. Soft-

ware Engg., 19:214{230, 1993. Software available from

http://www.research.att.com/sw/tools/graphviz/.

[16] M. R. Hartoog. Analysis of Placement Procedures for VLSI Standard

Cell Layout. In 23rd Design Automation Conference, ACM/IEEE, pages

314{319, July 1986.

[17] D. Ghosh, N. Kapur, J. Harlow, and F. Brglez. Synthe-

sis of Wiring Signature-Invariant Equivalence Class Circuit Mu-

tants and Applications to Benchmarking. In Design Automation

& Test - Europe (DATE'98), February 1998. Also available at

http://www.cbl.ncsu.edu/publications/.
[18] K. Kozminski, (Ed.). OASIS2.0 User's Guide. MCNC, Research Triangle

Park, N.C. 27709, 1992. (Over 600 pages, distributed to over 60 teaching

and research universities worldwide).

[19] The VIS Group. VIS: A system for veri�cation and synthesis. In R. Alur

and T. Henzinger, editors, Proceedings of the 8th International Conference

on Computer Aided Veri�cation, number 1102 in Lecture Notes in Com-

puter Science, pages 428{432, New Brunswick, NJ, July 1996. Springer.

8


