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The Scientific Method and

Design and Test

B A Few YEARS AGO, during a well-attended
open Design Automation Conference bench-
mark forum,! a panelist pointed out that
“...reporting experimental results is a science and
an art. A survey of the literature may reveal a con-
sistent methodology.... Also, we should address
the verification of reported results.” In retrospect,
the suggestion may have hinted at the vast body
of techniques commonly known as “experimen-
tal design.” However, this forum was not ready
to expand on the subject.

Most any search engine currently on the Web
returns tens of thousands of URLs in response to
keyword searches using terms such as experi-
mental design or design of experiments. Few, if
any, of these search results point to an evalua-
tion of CAD algorithms. In contrast, the experi-
mental design methodology, pioneered by
Fischer during the 1920s in agricultural research,?

is now firmly established in science and manu-
facturing. Its application to biomedical research
can save lives. Biomedical journals have strict
guidelines on how to report experimental results
so others may replicate experiments. A URL from
a medical school points to a concise illustration
of a simple experimental design flow and the ter-
minology used (http://www.fammed.ouhsc.edu/
TUTOR/expdes.htm) (Figure 1).

Adopting the accepted norms of experimen-
tal design will give us a scientific method to con-
duct, verify, and report comparative performance
evaluations of CAD algorithms. As indicated in
Figure 1, we should adopt and adapt three basic
procedures: 1) formation of an equivalence class
of experimental subjects, selected randomly from
a population of subjects eligible for treatment; 2)
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Population All subjects to whom a treatment
might possibly be applied.
For example, all adult-onset diabetic
patients in the world.

Sample A subset of population

Random selection
Experimental treatment (applied to experimental group) e
Alternative (placebo) treatment (applied to control group)
Observation (measurement) of the effect of the treatment

=

G

T e e

= e e pake B g

T e |

The Posttest-Only Coatrol Group Design
Theis o s o i o e il i B BEE

{ Paptatlen I
I sipulalion 8- .lnllll-llxl

byt e e i i b S

L B
- . E 3R

FETS

| Ll T

Figure 1. Experimental design in biomedicine: measuring effectiveness of two treatments.
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application of one or more treatments to subjects
in the same class; and 3) statistical evaluation of
each treatment’s effectiveness. Adopting the ter-
minology, we understand that an equivalence
class of experimental subjects is synonymous
with a set of the same or similar netlists; and
“applying treatments” is synonymous with “invok-
ing algorithms.”

The immediate benefit of adopting this
methodology can give us insight into the rela-
tive merits of the current benchmarking para-
digm itself. A current benchmark-set sampling
reveals the typical 5-50% improvements, as
reported in the experimental results sections of
current publications, have little statistical sig-
nificance.’ These improvements are reported for
single instances of very diverse benchmark set,
which don’t constitute a class for a well-defined
experiment. Moreover, reapplying the same
algorithms to different orderings of the same
benchmark can induce variations that may be
larger than such improvements. We can con-
struct an isomorphism netlist class that may
expose such variations for most heuristics by

Figure 2. Task flows to support execution and publication of three phases of experimental designs: (a) task flow
publish_classData, (b) task flow publish_treatment, and (c) task flow publish_summary.

creating 32 or more nominal benchmark copies,
where both names and node order in the netlist
are randomized. In an experiment with an iso-
morphism equivalence class, cost functions
such as layout area, total wire length, size of
binary decision diagrams (BDD), and total
backtracks during automatic test-pattern gener-
ation (ATPG) approach a normal distribution
with a standard deviation that may exceed the
largest improvement reported for a given bench-
mark. Variance of 0 is a rare event for most algo-
rithms and benchmarks. An ATPG algorithm
that reports 100% fault coverage under a specif-
ic netlist order may reach a backtrack limit
under a different netlist order, and must there-
fore report a reduced fault coverage. Similarly, it
may not even be possible to build a BDD for a
given benchmark under every netlist order.
While of fundamental importance, the iso-
morphism class is but one of the equivalence
classes that should be considered when design-
ing experiments to compare CAD algorithms.
Recent reports discuss a number of approaches
to equivalence netlist class generation and
include a research update on the topic.* To
advance the case for benchmarking CAD algo-
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rithms under the discipline of experimental
design, we must provide more than the new
equivalence classes accessible from the Web.
OpenExperiment is a prototype client/server
environment for distributed experimental
design.’ The client interface captures important
attributes that render three executable and
user-configurable task flows in Figure 2:

m publish_classData supports a distributed
team to coordinate generation, characteriza-
tion, and Web-posting of netlist equivalence
classes on a centralized host. This set is also
characterized by ‘treatment 0,” that is, evalu-
ation of the problem-specific cost function
before any treatment is applied. For example,
we may report the crossing number after
each placement a randomly reordered netlist
from an isomorphism class. (By class defini-
tion, all such orders are random.)

m publish_treatment supports any participating
experimentalist to download the data sets,
execute the algorithm on the local host, and
then to submit and execute solutions on the
centralized server where the same evaluator
looks at submissions from all participants.

m publish_summary supports the archivist peri-
odically summarizing treatments submitted
by participants and posting them on the
Web. In the example shown, treatments refer
to crossing number minimization in bipartite
graphs. Statistical experiment summaries
shows three treatments: TR0OO for random
placement, as reported by the netlist class
contributor, followed by TR12 and TR17
results reported by two distinct algorithms.

We classify the experiments in terms of cost
functions evaluated on the underlying graph
representation. Each class of experiments may
need a configuration of experiment-specific
task flows, while also reflecting participant pref-
erences. The special International Symposium
on Circuits and Systems (ISCAS) session in 1985
that brought together not only nine research
teams but also a shared data set contributed sig-
nificantly to rapid dissemination and adoption
of the benchmarking paradigm as we current-
ly know it. Shifting the existing paradigm to
experimental design disciplines will require
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effort from interdisciplinary teams, and not only
data sets but an environment such as
OpenExperiment will have to be distributed
and supported. An international workshop may
provide a suitable forum to initiate the process.

To express your views regarding this and relat-
ed subjects, we invite you to browse and review
the links accessible from http://www.cbl.ncsu.
edu/OpenProjects.
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