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A New Monte Carlo Circuit Simulation Paradigm
With Specific Results for Resistive Networks
Houssain Kettani and B. Ross Barmish, Fellow, IEEE

Abstract—In this paper, we formulate a new type of Monte Carlo
problem for circuits. Specific results are given for the class of resistive networks and open research problems are indicated for more
general cases. Given lower and upper bounds on the value of each
resistor but no probability distribution, we consider the problem of
estimating appropriate probabilistic measures of performance. In
view of the fact that no a priori probability distributions for the uncertain resistors are assumed, a certain type “distributional robustness” is sought. To this end, a new paradigm from the robustness
literature is particularized to these circuits. Some of the performance bounds obtained via this new approach differ considerably
from those which result from a more conventional Monte Carlo
simulation.
Index Terms—Circuit simulation, control theory, ladder networks, Monte Carlo methods, optimization, resistive circuits,
robustness.

for the variance

is obtained in a similar manner. Subject to various conditions on
should be, the estimates above can be “certified”
how large
in terms of their reliability.
A. Fundamental Issues in This Paper

I. INTRODUCTION AND FORMULATION

A

and an estimate

TYPICAL Monte Carlo simulation for a circuit begins
with a specified vector of uncertain parameters

a smooth performance measure
and a specified probability
for ; e.g., see [13] for the general condensity function
text and [15] for specifics to circuits. Accordingly, in a classical
of are generated using
simulation, samples
and subsequently, various
the probability density function
performance estimates are obtained. For example, the relative
frequency estimate

can be used to estimate the mean performance
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The classical Monte Carlo simulation described above involves assuming an a priori probability density functions
for . In contrast, this paper addresses the case when there is
no such a priori information available. Moreover, unlike many
classical Monte Carlo approaches to problems without a priori
probability distributions, in this paper, we do not simply impose
some “reasonable” distribution, such as normal or uniform, on
. Our contention, consistent with other caveats found in the
literature, is that the imposition of such an ad hoc probability
distribution can lead to an unduly optimistic assessment of performance; e.g., see [12] and [15].
In this paper, we provide a new paradigm for probabilistic
assessment which we believe leads to more realistic estimates
of performance in the absence of such a priori information. Our
method is seen to be distributionally robust in the following
sense: With performance uncertainty as described above, the
performance estimate which we define is guaranteed for all
probability distributions in a given class . The definition of
, initially provided in [3], is felt to be particularly apropos to
circuits for which components are described by tolerances as in
[6]. To this end, the definition of is based on the assumption
vary independently with
that random circuit parameters
, the intuitive notion that positive
known bounds
manufacand negative deviations from the nominal
turing value are equally likely, and that the larger the deviation
in from , the less likely it is to occur.
assoWithin this setting, we take to be the hypercube in
which
ciated with these bounds and it is assumed that any
is an admissible density function is supported in . It is noted
that this definition of is non-parametric. In fact, the given data
in this problem formulation is precisely the same as that used
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in robust systems analysis: Interval bounds without a statistical
description of the underlying probability distribution. With the
set-up above, unlike classical Monte Carlo approaches, we do
not conduct a simulation with an assumed probability distribufor . Instead, we develop a simulation theory which
tion
. To this end, with
denoting
is robust with respect to
and
the random vector with probability density function
low values denoting “good performance,” we consider a pair
of expected performance problems: For the mean, we seek

Fig. 1. Network configuration.

II. RESISTIVE NETWORKS
and for the variance, we seek

A. Formulation
We consider a planar resistive network
consisting of an
, an output voltage
across a desiginput voltage source
and uncertain resistors
nated resistor

We call the optimal values above distributionally robust estimates and note that the solution to these problems leads to a
so-called a posteriori Monte Carlo simulation. For example, if
one wishes to estimate the sharpest possible distributionally robust upper bound on the expected performance function, one
uses a solution

as depicted in Fig. 1. To make an identification with general formulation in Section I, we take
. While working with only
a single independent voltage source and a planar network for
simplicity of exposition, it is noted the results in this paper are
readily modified to accommodate a variety of other situations.
B. Uncertain Resistors

to generate the samples
entering into the estimate
. We
might differ significantly from
draw attention to the fact that
the distribution one might select as being “reasonable” in the
absence of a priori information. By way of illustration, if one
considers a simple voltage divider relationship
to define performance, it is clear that the average
value of depends critically on what probability distributions
and
. In the context of
are imposed on the two resistors
this example, the objective in this paper is to assign probability
for
and
for
which lead to estimated
distributions
performance that is “robust” in the sense described above; see
numerical examples in Section V.

To describe the uncertainty, for each resistor, we consider
nominal manufacturing value
for
and interval uncertainty bounds

with
hypercube

to guarantee positive resistance. This leads to the

C. Admissible Probability Densities
B. Specific Results
The success of the paradigm above is predicted upon the
achieving distributional
ability to obtain a density
robustness. In the remainder of this paper, we describe large
is readily obtained.
classes of resistive networks for which
This motivates further research for general classes of circuit
problems beyond those considered here. In the sequel, we provide a rather detailed analysis of gain computation for resistive
for
networks and we provide a precise characterization of
both the mean and variance measures above. We conclude this
paper by pointing out some open problems at the level of resistive networks and suggest fruitful directions of research for
more general networks.

Consistent with Section I, it is assumed the
are indepenwith an unknown probdent random variables supported in
which is symmetric about its
ability density function
mean . It is also assumed that positive and negative deviations away from
are equally likely and that
is non-in; i.e., large deviations from the mean
creasing in
are no more likely than small deviations. It is noted that this forto have a different probability density
mulation allows each
function. We write
to denote an admissible joint density
over . Given any
, the resulting random
function
vector of resistors is denoted as . Two important special cases
is the uniform distribution
of interest are obtained when
centered at
and
is the Dirac impulse distribution centered at .
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D. Distributional Robustness
Within the new Monte Carlo framework of this paper, the
objective is to compute what we call “distributionally robust
limits” for the expected gain and its variance. More specifically, for the system of Fig. 1, we first focus attention on the
uncertain gain

Fig. 2. Essentiality condition.

Now, given any
, the associated multi-dimensional
integral for the expected gain is given by

Similarly, for the case of variance, we obtain

In view of this, let

denote this invariant sign; i.e.,
value
or
.

is constant over

having the

B. Example
Within this framework, we seek to compute the expected gain
limits

To illustrate the ideas involved in the definition above, we
consider the Wheatstone bridge circuit of Fig. 2. This circuit is
. When
said to be “balanced” when
the circuit is balanced, the voltage across the resistor
is zero
nonessential. On the
(no current), which makes the resistor
other hand, the gain of the circuit is computed to be
, where

and maximal variance
and
We do not consider minimization of the variance because it is
trivially obtained by setting to Dirac impulse distribution.
E. Monte Carlo Implication
A solution
to one of the variational problems above
defines the probability distribution to be used in a subsequent
Monte Carlo simulation. In other words, rather than assume an
a priori probability distribution for simulation, we obtain an a
posteriori distribution which is the solution of one of the variational problems above.
III. ESSENTIAL RESISTORS, TRUNCATIONS, AND MAIN RESULTS
In order to convey the main results, two definitions are required. To this end, we define the notion of “essential” resistors
and “truncated uniform distributions.”
A. Essential Resistors
is said to be essential if the following condiA resistor
tion holds: There do not exist admissible values of the
remaining resistors
, making the gain
in. To this end, it can readily be shown that
dependent of
the following statements are equivalent:
is essential;
•
and the partial derivative
• the current through
are non-zero over ;
and the partial derivative
• the current through
have one sign over .

Now, to illustrate the use of the essentiality definiwith associated partial derivative
tion, we consider
, where

and

Now, from the expression above, it is immediate that this partial derivative has one sign,
. Hence, we conclude that
is essential.
To demonstrate how nonessentiality arises, we conwith associated partial derivative
sider the resistor
, where

and

Now, in view of the term
above, the range
of parameter variation becomes critical in the determination of
essentiality. For example, with parameter uncertainty bounds
and
, essentiality of
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is guaranteed (the circuit cannot be balanced). On the other
, resistor
hand, with
becomes nonessential.
Finally, to complete the analysis of this example, we note that
calculations similar to those above lead to essentiality of
and , irrespective of the range of parameter variation. For the
, and , the corresponding signs
essential resistors
are
and
.
C. Truncated Uniform Distributions
As described in [3] and [10], there are large classes of distributional robustness problems having the property that extremis equivalent to extremization
ization with respect to
over the class of so-called truncated uniform distributions. More
specifically, letting

“gap” (see conclusions in Section VI) and consider the problem
with respect to
.
of finding the maximum of
Again, an extremality result is obtained in the sense that the
optimal distribution turns out to be uniform.
E. Gain Extremality Theorem (See Appendix I for Proof)
be an essential resistor in . For the case of maxiLet
mizing
, define probability density function
with
as follows: Set
if
and
if
marginals
. Then

For the case of minimizing
, define probability denwith marginals
as follows: Set
if
sity function
and
if
. Then,

we define
to be the random vector with probability density
function which is uniform over the truncated hypercube
F. Variance Extremality Theorem (See Appendix III for Proof)

where

In other words, each component
of has a uniform distriof . In the sequel, we make
bution over the sub-interval
use of the fact for large classes of performance measures
it is known that

with the understanding that if
, the corresponding integral
multiplier is calculated using an appropriate imwith
pulse distribution or l’Hôpital’s rule. This result, known as the
Truncation Principle, also holds for the case of minimization.

, let
denote the variance of the gain with
For
truncated probability distribution
. Then, with
being the uniform distribution, we obtain

IV. ESSENTIALITY CONSIDERATIONS
We emphasize that the use of Theorem III-E is predicted upon
essentiality. Accordingly, in this section, we provide some results, based on the linear equation analysis in [8], which enables
in a network are essential
us to determine which resistors
and, when so, what corresponding sign should be used for the
purpose of Monte Carlo simulation. To this end, the following
lemma, plays an important role.
A. Lemma (See Appendix III for Proof)
The partial derivative of the gain
admits a factorization of the form

with respect to resistor

D. Remark
The truncation concepts above, combined with essentiality
considerations, are central to the proofs of the results given
below. For the case of an essential resistor , both the maximum and minimum expected gains are attained with a probeither being an impulse at
or
ability density functions
uniform over . In other words, we obtain a solution which is
extremal over the class of truncated uniform distributions. In
view of the fact that such distributions can be viewed as extreme within the class , we call the results below extremality
theorems.
For the case of the variance of the gain, a weaker result is
is
given. Since we cannot assure that the maximum over
equal to maximum over
, we allow for the possibility of a

with
and
being multilinear functions and
being a positive function.
B. Remark
In order to use the result above to test for essentiality, we
evaluate
and
at the vertices of . Now using the
well-known result that a multilinear function on a hypercube
is both maximized and minimized at its vertices, (for example,
see [1]), we obtain the following: A necessary and sufficient
condition for essentiality is that all of the vertex evaluations of
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Fig. 3. Resistive ladder network.

are non-vanishing and of the same sign. This being the
case, we obtain

for the probability density function assignment in Theorem
III-E. Note that this sign condition is often verifiable by inspection. To illustrate, in Example III-B, when considering ,
since
, it is immediate by inspection
. For further details illustrating this type of
that
analysis in the more general context of linear equations, see [8].
V. CLASSES OF NETWORKS
Using the ideas in the preceding two sections, it is often possible to develop a prescription for distributionally robust Monte
Carlo simulation which applies to an entire class of networks.
To illustrate, we now consider the case of ladder networks; see
[9] for preliminary version of the results in this section.
A. Theorem (See Appendix IV for Proof)
Consider the multi-stage ladder network of Fig. 3. For
the case of maximizing
, define probability density
with marginals
as follows: Set
, the
function
, for the inter-stage resistors
Dirac delta distribution at
and
, the uniform distribution centered at , for the remaining resistors. Then,

For the case of minimizing
with marginals
sity function
the inter-stage resistors
remaining resistors. Then

, define probability denas follows: Set
for
and
for the

B. Remarks
The results above, for the ladder network, may appear counterintuitive in the sense that one should resist the temptation to
sample the range of variation for the interstage resistors; i.e.,
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while drawing samples uniformly distributed for the non-interstage resistors, one should hold the interstage resistors fixed at
their nominal values. In this regard, our claim is that a more
classical Monte Carlo simulation, involving uniform sampling
of all resistors, provides an unduly optimistic result from a distributional robustness point of view. By way of future research,
it would be of interest to analyze other classes of networks to determine the extent to which results along the lines of Theorem
V-A can be given. For example, one can identify various classes
of lattice networks or filters leading to essentiality of all resistors. For such cases, one immediately obtains a prescription for
distributionally robust Monte Carlo simulation.
To conclude the discussion of ladder networks, it is interesting to compare the worst-case gain

with the distributionally robust gain. Indeed, for the case of max, it is readily verified that is attained if we define
imizing
with components
for the inter-stage resistors
and
for the remaining resistors.
As seen in the example below, the difference between the distributionally robust expected gain and the worst-case gain can be
quite large.

C. Numerical Example
The ideas above are now illustrated for a three stage ladder
network with nominal values
, and
. To illustrate how
significantly different a classical Monte Carlo simulation can
be versus our method, we consider specially constructed uncer,
tainty bounds
, and
As prescribed by Theorem V-A, we carry out a Monte Carlo
simulation using an impulsive distribution for
and
and a uniform distribution for the remaining . With 100 000
.
samples, we obtained the estimate
Next, for comparison purposes, a classical Monte Carlo simulation using the uniform distribution for all resistors was carried
, was obtained.
out. This time, an estimate
In conclusion, it is apparent that the classical expected gain is
less than the distributionally robust expected gain by about 17%.
We also note that in both cases the estimated expectation rapidly
converges; e.g., see Fig. 4 for a convergence plot corresponding
to our distributionally robust simulation. Using Theorem III-F,
. It
the maximum of the variance computed to be
is noted that the distribution maximizing the expectation of the
gain is different than that maximizing the variance of the gain.
For comparison purposes, it is also noted that the maximum
gain is obtained by setting
, and
. This leads
. This worst-case gain differs significantly
to
from the distributionally robust expected gain; i.e., notice that
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Fig. 4. Convergence of expectation for example of Section V-C.

VI. CONCLUSION AND FURTHER RESEARCH
To conclude this paper, we mention a number of directions
for further research. First, it would be of interest to consider
more general versions of the resistor problem involving other
circuit elements such as capacitors and inductors. In this regard,
it should first be noted that the problem formulation requires
slight modification to account for the fact that the gain at any
is a complex number. To this end, the first
fixed frequency
technical point to note is that working with either the magnitude
of the gain or its square, destroys the multilinear structure of
the performance function, which is central to the proofs given
here. To date, in this more general setting, results have only been
obtained for very special cases such as first order filters with just
two uncertain elements; e.g., see [16].
satisfy
As demonstrated in this paper, when the resistors
the essentiality requirement, either the uniform or Dirac impulse distribution is used in the associated Monte Carlo simulation. By way of future research, it would be important to
study this “probability distribution assignment” problem in the
context of systems with nonessential elements. To this end, one
starting point for this line of research is the so-called Truncation Principle described in Section III-D; e.g., see [10] for further details. For such cases, a distributionally robust solution is
which
characterized by the so-called truncation vector
defines a required interval of uniform sampling. To illustrate,
for a nonessential resistor , the question arises whether the
Truncation Principle might dictate uniform sampling on a strict
non-trivial subinterval of . It would be of interest to determine if a counterexample exists to the conjecture that the optimal assignment for all resistors is either uniform or Dirac. By
way of preliminary investigation, we revisit the circuit of Fig. 2.
, and
. It was
Let

shown in Example III-B that the only nonessential resistor is
. Now, suppose that we are interested in the minimum exwhen
and
pected gain. It can be shown that
when
. However, when
, using
the extreme distributions, we computed
while
, we obusing a truncated uniform distribution with
. With such small difference, it is not clear
tained
whether this is an example for which extremality does not apply
or a result of round-off. We note that various attempts to make
such difference more dramatic were not successful.
The third open research problem which we mention relates
to the so-called “gap” associated with Theorem III-F characterizing the distributionally robust variance. It would be of interest
to explore the conjecture that the hypotheses of Theorem III-F
guarantee satisfaction of the equality

In other words, the result for variance is similar to the result for
gain in that no gap exists between maximization over and the
subclass of truncated uniform distributions.

APPENDIX I
PROOF OF THEOREM III-E
The proof of the theorem is facilitated with two preliminary
lemmas. The first lemma describes the multilinear structure associated with the gain of a resistive network and the second
lemma provides a fundamental inequality involving a number
of real scalars.

KETTANI AND BARMISH: NEW MONTE CARLO CIRCUIT SIMULATION PARADIGM

A. Lemma
For the th resistor, defining variables
, the gain
expressed in the linear fractional form as

for all admissible .
Proof: It is first noted that the mesh matrix
in a rank-one manner; i.e., one can write

Case 2: Assume
obtain
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. Proceeding as in Case 1, we first
, where

can be

and
as in Case 1.
However, since
in this case, the quadratic term can be
cancelled above, leading to the simpler formula

with

depends on

Hence, in this case, the lemma is proven with
with
being a square matrix depending on the remaining resistors and being a vector obtained as follows: If
belongs to the th loop only, then is a vector with the th entry
equals 1 and the other entries are zero. On the other hand, if
is a shared resistor between loops and , then has 1 and
in its th and th entries, respectively, and the remaining entries
are zero.
representing the source voltage,
Now, with
the gain takes the form

where the vector depends on the number of loops within which
appears. If the output resistor belongs to the th loop only, then
is a vector with the th entry equals 1 and the remaining entries
equal zero. On the other hand, if the output resistor is shared
between the th and th loops, then is a vector with the th
and th entries equal 1 and
respectively, and the remaining
entries are zero.
The proof now proceeds by considering two cases.
. Using Woodbury’s identity, for
Case 1: Assume
example see [14], we obtain

B. Lemma
Given positive constants
inequality

and

, the

holds.
Proof: Letting

we note that
is implied since
requirement of the lemma is equivalent to

. Hence, the

Now, considering the function
and

, where
a straightforward calculation yields

and
Hence
is an increasing function in z. Since
, it
follows
for all
. Thus, the requirement of the
lemma holds.

Thus

C. Proof of Theorem

Since
is positive-definite [5], it follows that
required.

as

while noting
We prove the result given for the maximum
that a nearly identical proof can be used for the minimum .
Indeed, in view of existing results on probabilistic robustness,
over
for example, see [3] and [4], the maximum of
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is equal to the maximum over truncated uniform distributions. That is, letting

we have

where
is the random vector with probability density function
which is uniform over the truncated hypercube

, we let
and
conditional expectation

and consider the

Claim: The inequality

holds for all admissible
where denotes the box of admissible resistor uncertainty for . To establish this claim, in
view of Lemma I-A, the conditional expectation under consideration is

where

Hence,
where
. Furthermore, we obtain partial
derivative computed to be
with the understanding that if
, the corresponding integral with
multiplier is calculated using an appropriate
Dirac delta distribution or l’Hôpital’s rule.
be the trunTo complete the proof of the theorem, let
as precation corresponding to probability density functions
scribed in the theorem. That is, if
, then,
. Alter, then,
. In addition, let
denote
natively, if
. To
any candidate truncation for the maximization of
show that attains the maximum, it will be shown that we can
replace components of with corresponding components
of , one at a time, without increasing
. For example,
, such a sequential replacement corresponds to the
with
sequence of inequalities

where

In view of Lemma I-B, the inequality
is maximized at
order to prove that
that

has negative sign
and

holds. Now, in
, we observe

for all . Hence, it follows that

That is, by showing that

holds for arbitrary , we can replace components one at a time
until we arrive at the desired result

Indeed, without loss of generality, we take
and
noting that the proof to follow is virtually identical for
and
. Now, to separate out the dependence on

Therefore,
is maximized at
and the proof of
the claim is now complete.
Finally, to complete the proof of the theorem, we now observe
that it follows from the claim that
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APPENDIX II
PROOF OF THEOREM III-F
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Noting that
suffices to show that

as

, to complete the proof, it
. Indeed

Following the same argument as in Appendix I, it suffices to
show that the inequality

holds for all admissible
, where denotes the box of
. In
admissible resistor uncertainty for
view of Lemma I-A, the conditional variance under consideration, written
as a shorthand, is

where

, and

depend on

and

Now, the partial derivative is computed to be
Now, it is straightforward to verify that
for
.
Hence,
and the proof is complete.
Now, since
is an increasing function of and
, as
, it follows that
for
. Hence,
is an increasing function of . Therefore, the variance is
maximized by the uniform distribution.

APPENDIX III
PROOF OF LEMMA IV-A
Arguing as in the proof of Lemma I-A, for the case when
, we have
Letting

we substitute
where

above, noting that

corresponds to

. Thus

denotes the adjoint of . Thus, we take
and
. Noting that rank one dependency
implies that
is multilinear in as required. For the case
when
, we obtain

Thus, with
and
again obtain the desired multilinear factorization.

, we
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..
.

..

.

APPENDIX IV
PROOF OF THEOREM V-A
Using mesh analysis and Cramer’s rule, the output voltage
can be written as

where the equation at the top of the page is true, and
is the determinant of the mesh matrix.
It is now easy to obtain

Hence, the gain can be written as

Thus, holding all resistors fixed except
form

, the gain is of the

otherwise.
where
, and are positive constants.
Now, in accordance with Theorem III-E, we compute the required related to essentiality. Indeed, for the interstage resistors
with
, we calculate

Therefore, we obtain
implying as assignment of Dirac
delta function distribution for such resisters. Similarly, for the
remaining resistors , we obtain

Therefore, in this case,
uniform distribution.

implying an assignment of

..

.

..

..
.

.

REFERENCES
[1] B. R. Barmish, New Tools for Robustness of Linear Systems. New
York: MacMillan, 1994.
[2] B. R. Barmish and H. Kettani, “Monte carlo analysis of resistive
networks without apriori probability distributions,” in Proc. IEEE Int.
Symp. Circuits Syst., Geneva, Switzerland, 2000, pp. 1462–1465.
[3] B. R. Barmish and C. M. Lagoa, “The uniform distribution: A rigorous
justification for its use in robustness analysis,” Math. Contr. Signals
Syst., vol. 10, no. 3, pp. 203–222, 1997.
[4] B. R. Barmish and P. S. Shcherbakov, “Distributionally robust least
squares,” in Proc. SPAS’99, St. Petersburg, Russia, 1999, pp. 5–8.
[5] C. A. Desoer and E. S. Kuh, Basic Circuit Theory. New York: McGraw-Hill, 1969.
[6] S. W. Director and G. D. Hachtel, “The simplicial approximation approach to design centering,” IEEE Trans. Circuits Syst., vol. CAS-24,
no. 7, pp. 363–372, Jul. 1977.
[7] S. W. Director and L. M. Vidigal, “Statistical circuit design: A somewhat biased survey,” in Proc. Eur. Conf. Circuit Theory Design, Hague,
The Netherlands, 1981, pp. 15–24.
[8] A. Ganesan, S. R. Ross, and B. R. Barmish, “An extreme point result for
radius of convexity of linear equation solutions,” in Proc.IFAC World
Congr., Barcelona, Spain, 2002, pp. 1–6.
[9] H. Kettani and B. R. Barmish, “A new approach to monte carlo analysis
illustrated for resistive ladder network,” in Proc. Conf. Info. Sci. Syst.,
Princeton, NJ, 2000.
[10] C. M. Lagoa and B. R. Barmish, “Distributionally robust monte
carlo simulation: A tutorial survey,” in Proc.IFAC World Congress,
Barcelona, Spain, 2002, pp. 1–12.
[11] D. G. Luenberger, Introduction to Linear and Nonlinear Programming. Reading, MA: Addison-Wesley , 1973.
[12] J. F. Pinel and K. Singhal, “Efficient monte carlo computation of circuit
yield using importance sampling,” in Proc. IEEE Int. Symp. Circuits
Syst., Pheonix, AZ, 1977, pp. 575–578.
[13] R. Y. Rubinstein, Simulation and the Monte Carlo Methods. New
York: Wiley, 1981.
[14] L. L. Scharf, Statistical Signal Processing: Detection, Estimation, and
Time Series Analysis. New York: Addison-Wesley , 1990.
[15] R. Spence and R. S. Soin, Tolerance Design of Electronic Circuits.
New York: Addison-Wesley, 1988.
[16] V. Winstead and B. R. Barmish, “A universal figure of merit for
stochastic first order filters,” in Proc. IEEE Int. Conf. Circuits Syst.,
Sydney, Australia, 2001, pp. 1348–1351.

Houssain Kettani received the Bachelor’s degree
in electrical and electronic engineering from Eastern
Mediterranean University, Famagusta, North Cyprus,
in 1998, and Master’s and Doctorate degrees both
in electrical engineering from the University of
Wisconsin, Madison, in 2000 and 2002 respectively.
He served as Staff Research Assistant at Los
Alamos National Laboratory, Los Alamos, NM,
in 2000, Visiting Assistant Professor of Electrical
and Computer Engineering at the University of
South Alabama, Mobile, in 2002–2003, and Visiting
Research Professor at Oak Ridge National Laboratory, Oak Ridge, TN, in
2005. He has been with Jackson State University, Jackson, MS, as Assistant
Professor of Computer Science since July 2003. His research interests include
computational science and engineering, computer networks, network traffic

KETTANI AND BARMISH: NEW MONTE CARLO CIRCUIT SIMULATION PARADIGM

characterization, network storage management, number theory, parameter
estimation, pattern recognition, and robust control and optimization.

B. Ross Barmish (F’00) received the Bachelor’s
degree in electrical engineering from McGill University, Montreal, QC, Canada, in 1971, and the
Master’s and Doctorate degrees, both in electrical
engineering, from Cornell University, Ithaca, NY, in
1972 and 1975, respectively.
From 1975 to 1978, he served as Assistant Professor of Engineering and Applied Science at Yale
University, New Haven, CT. From 1978 to 1984, he
worked as Associate Professor of Electrical Engineering at the University of Rochester, Rochester,

1299

NY. In August 1984, he joined the University of Wisconsin, Madison, WI, as
Professor of Electrical and Computer Engineering. Over 2001 and 2002, he
served as Nord Professor and Department Chair in the Department of Electrical
Engineering and Computer Science at Case Western Reserve University,
Cleveland, OH. In January 2003, he returned to the University of Wisconsin as
Professor of Electrical and Computer Engineering. He is also the author of the
textbook New Tools for Robustness of Linear Systems (Macmillan, 1994) and
has served as a consultant for many industries.
Prof. Barmish has received two best paper awards from the International Federation on Automatic Control and has been involved in a number of IEEE Control Systems Society activities. This includes service as Associate Editor for
the IEEE TRANSACTIONS ON AUTOMATIC CONTROL, Program Chairman for the
American Control Conference, Chair of the Hugo Schuck Best Paper Committee, and member of the Board of Governors for the IEEE Control Systems
Society.

