
suggested that an optimization prob-
lem is “easy” if it is linear (linear objec-
tive with linear constraints, that is,
linear program, or an LP) and “hard” if
it is nonlinear. This view was rein-
forced due to the fact that LPs with
hundreds and thousands of variables
can be solved very efficiently, since we
know how to exploit sparsity and
structure to solve large problems. This
was thanks to Dantzig’s simplex algo-
rithm that had very favorable practical
complexity as well as the work of
Leonid Kantorovich in the Soviet Union
(for which he won the 1975 Nobel Prize
in economics). The simplex method
performed quite well in practice,
except  in rare instances. It took some
time to realize that perhaps the easy-
hard division is not along linearity or
nonlinearity. As Rockefellar stated in
1993, “the great watershed in optimiza-
tion isn't between linearity and nonlin-
earity, but between convexity and
non-convexity” [4].

A key turning point in changing
the conventional wisdom was the
1975 discovery by N.Z. Shor in the
Soviet Union of the ellipsoid algo-
rithm and the 1979 discovery by
Leonid Khachian that the ellipsoid
algorithm solves LPs in polynomial
time. In contrast, Dantzig’s simplex
algorithm had a worst-case exponen-
tial complexity. This development
was such big news that it became a
page 1 story in the New York Times.
Although the ellipsoid algorithm pro-
vides a polynomial time complexity
guarantee, its practical performance
in terms of running times was worse
than the simplex algorithm.

The 1984 discovery of a polynomial-
time interior-point algorithm by 
Karmarkar changed the balance, since
Karmarkar’s algorithm is efficient in
practice as well as in theory.  His interi-
or-point algorithm was named for the
fact that it moved through the interior of
the feasible region to reach the optimal
solution, even though the optimal solu-
tion is known to be on the boundary.

Simply put, Karmarkar’s algorithm
converts a constrained optimization

problem into an equivalent uncon-
strained one, in which the cost function
is augmented by adding a barrier func-
tion whose value goes to infinity when
approaching the boundary of the feasi-
ble set. As a result, the effect of con-
straints appears in the objective
function, and the problem is effectively
rendered unconstrained. All that
remains to be done is to set the deriva-
tive to zero using, for example, New-
ton’s algorithm to find the minimum of
the modified objective function. Howev-
er, things are not as easy as they seem:
to solve this problem efficiently with a
theoretical polynomial time complexi-
ty, one needs to have an a priori bound
on the number of Newton steps needed
to get arbitrarily close to the solution.
The difficulty is that the classical com-
plexity analysis of Newton’s method
depends on constants that are func-
tions of the third derivative; these con-
stants are often coordinate dependent
and thus are difficult to estimate.

Four years later, a major advance
was achieved by Nesterov and
Nemirovsky, who realized that Kar-
markar’s analysis can be modified
and extended to a much larger class
of convex optimization problems,
including but not limited to what we
now call  LMI  problems or semidefi-
nite programs (SDPs) [2], [3].

The barrier function method of
converting constrained optimization
problems to unconstrained optimiza-
tion problems was not new on its
own (in fact the idea goes back to the
1960s), but here is where Nesterov
and Nemirovsky’s brilliant idea
comes into play: they show that cer-
tain logarithmic barrier functions for
convex constraint sets (such as the
one used by Karmarkar) possess a
nice property called self-concordance.
Roughly speaking, self-concordance
means that the the third derivative of
the barrier function can be bounded
by a function of its curvature or sec-
ond derivative in a coordinate-inde-
pendent fashion. As a result,
Nesterov and Nemirovsky were able
to provide a complexity estimate for

the barrier method that was indepen-
dent of the chosen coordinates, and
the number of Newton steps could be
bounded a priori. In their seminal
papers [2], [3], Nesterov and Nem-
rovsky show that it is possible to
construct a self-concordant barrier
for any convex optimization problem;
however, not all such barriers are
computable. There is, nevertheless, a
large set of convex optimization
problems for which such barriers
exist. These problems can be solved
in polynomial time with any given
desired degree of accuracy.

This background is only half of
the story; the other half is identify-
ing solvable convex optimization
problems, which are not always
obvious. Sometimes the problem is
not convex but, with a change of
variables, can be transformed into a
convex problem. This point is pre-
cisely where the book at hand
becomes an invaluable resource.

In Convex Optimization, the
authors introduce several classes of
optimization problems that are
amenable to efficient numerical solu-
tion with interior point algorithms.
One such class is that of conic prob-
lems in which a linear objective func-
tion is minimized subject to a set of
inequality constraints that represent
the intersection of an affine space
(such as a plane) and a cone (such as
the positive orthant).

Examples of conic problems
include linear programs (where 
the cone is the positive orthant), SDPs
(where the cone is the set of positive-
definite matrices; LMI feasibility prob-
lems are of this category), and
second-order cone programs (SOCPs)
(where the cone is the Lorentz or ice
cream cone). All of these problems,
which involve optimization problems
over self-dual cones, can be treated
more or less in the same fashion. As a
result, it is possible to develop a duali-
ty theory that closely mirrors that of
linear programs.

While SDPs and LMIs are familiar
in the controls community, SOCP
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problems are not as well known. A
good example of an SOCP, which also
demonstrates the difficulty in recog-
nizing convex problems, is a linear
program with random constraints.
This problem appears to be a linear
program in which each row of the
constraint matrix is a Gaussian ran-
dom vector, and each inequality con-
straint needs to be satisfied with
some probability. To an untrained
eye, the difficulty of the problem
would be the same, irrespective of
the value of probabilities. It turns out,
however, that when the constraints
are required to be satisfied with
probability above 0.5, the problem is
convex, and an SOCP. If, however, the
probability of a constraint being satis-
fied is below 0.5, the problem is no
longer convex and becomes very diffi-
cult to solve. Another interesting
example of an SOCP is robust linear
programming, in which each row of
the constraint matrix is an uncertain
vector in an ellipsoid and the goal is
to minimize the worst-case cost.

Finally, geometric programs (GPs)
are additional optimization problems
that can be solved efficiently. In a GP,
the constraints and objective are
posynomials or multivariate polyno-
mials, with positive coefficients
whose domains are positive real num-
bers. In constrast to the convex pro-
grams discussed earlier, GPs are not
convex in their natural form. Howev-
er, a simple change of variable can be
used to transform a GP into a convex
problem. The study of simple geomet-
ric programs goes back to the 1960s
in the chemical engineering literature,
while new applications range from
information theory to transistor sizing
in RF circuits. The aforementioned
examples are just a few samples from
the interesting examples of convex
optimization covered in the book.

The Book
Convex Optimization by Boyd and Van-
denberghe can be used as a graduate-
level textbook for students across
various disciplines of engineering and

applied sciences as well as practition-
ers in industry. The book is a result of
over 15 years of research by the
authors and their students in formulat-
ing, finding, and solving convex opti-
mization problems in diverse areas of
engineering and applied sciences. The
authors have used various drafts of
this book in graduate-level courses on
optimization theory since 1995. As a
result, the current manuscript is well
written and easy to follow. While famil-
iarity with classical optimization is
helpful, it is by no means a require-
ment for reading the book, since the
manuscript is self-contained with a
useful set of appendices. That being
said, a good working knowledge of lin-
ear algebra, advanced calculus, basic
probability theory, analysis, and basic
topology (norms, open sets, and con-
vergence) is required.

There are three major sections in
the book dedicated to theory, applica-
tions, and algorithms for convex opti-
mization problems. A semester-long
graduate level course can easily cover
all three sections. The first five to six
weeks or the first half of the course
can be used to cover the theory, with
the second half divided equally
between applications and algorithms.
While a diverse set of applications,
ranging from statistics, geometry,
approximation, and estimation prob-
lems, are presented as individual chap-
ters, additional applications appear as
exercises. One notable absence on the
application side are applications of
convex optimization in control theory.
The third and last part of the book pre-
sents algorithms for solving convex
optimization problems along with com-
plexity analysis of the algorithms.

Contents of the Book
The book consists of three sections
including 11 chapters, as well as
three appendices and an extensive
bibliography. Section I, which covers
the theory portion of the book, con-
tains five chapters.

● Chapter 1 provides an intro-
duction to the topic, sets up

the notation, and provides a
brief history of the topic in its
bibliography.

● Chapters 2 and 3 provide a
modern overview of convex
analysis. Convex sets are
defined in chapter 2. Convex
functions and operations that
preserve convexity are dis-
cussed in chapter 3.

● Chapter 4 is the core of the
text, where LPs, SDPs, SOCPs,
and GPs are introduced.

● Chapter 5 presents a unified
theory of duality for conic opti-
mization problems. Several
interpretations of duality, rang-
ing from economics to mechan-
ics, are also presented.

The second section, which
includes chapters 6–8, covers appli-
cations. Application areas such as
convex geometry, statistics, estima-
tion, and approximation problems
are presented.

● Chapter 6 includes several
interesting approximation and
fitting problems, ranging from
norm approximations, least
norm problems, reconstruction
and smoothing, function fitting
and interpolation as well as
approximation. This chapter
should be of interest to the sig-
nal processing community.

● Chapter 7 covers statistical
estimation, experiment design,
maximum likelihood problems,
robust detection, and hypothe-
sis testing.

● Chapter 8 contains a variety of
geometric problems, such as
Euclidean distance and angle
problems, classification prob-
lems, and placement and facili-
ty location problems.

The third section of the book
deals with algorithms for solving con-
vex optimization problems.

● Chapter 9 contains algorithms
for unconstrained optimiza-
tion problems. Topics cov-
ered include classical analysis
of gradient algorithms for
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unconstrained problems as well
as classical and modern analysis
of Newton’s algorithm for such
problems. The key idea is the
demonstration that the quality of
the gradient algorithm depends
on the chosen coordinates,
whereas Newton’s method is
coordinate independent. Self-
concordance turns out to be the
crucial property that allows a
coordinate-independent analysis
of Newton’s algorithm. This
property is the main reason for
the success of barrier-based inte-
rior point algorithms.

● Chapter 10 extends the analysis
of chapter 9 to the case of equali-
ty constrained convex optimiza-
tion problems.

● The final chapter consists of a
detailed analysis of interior
point algorithms for convex
optimization problems with lin-
ear equality constraints and
convex inequality constraints
using barrier and primal-dual
methods.

Conclusions
Convex Optimization is a great seg-
way into the interesting world of
theory, applications, and algorithms
for convex programs that can be
solved efficiently. The text is suit-
able for a graduate-level course in
any engineering department. I have
used an earlier draft of the book in a
graduate level optimization course
at the University of Pennsylvania.
The book is also useful for practic-
ing engineers since it presents the
state of the art in theory, applica-
tions, and algorithms.

The key goal of the book is to help
the reader identify and solve convex
optimization problems in diverse dis-
ciplines of engineering and applied
sciences. In my opinion, the authors
have achieved this goal. Another fea-
ture of this text is that the authors
have posted a copy of the book on
their Web site, which also includes
slides for teaching a course based on

the text. While the book does not
focus on LMIs for control applica-
tions, the text provides the reader
with an understanding of how LMI
algorithms work.

Finally,  I  believe the authors
have done a great job in providing a
rigorous but comprehensible expla-
nation of the success and efficiency
of convex optimization problems.
Even though convex optimization is
more or less a technology, there is
still a long way to go for the tech-
nology to mature. While linear pro-
grams and least squares problems
can be solved for thousands of vari-
ables, other forms of convex opti-
mization such as SDPs and SOCPs
are solvable for hundreds of vari-
ables but not thousands. Exploiting
structure and sparsity as well as
parallelization are subjects of ongo-
ing research.
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Computational
Neuroscience
Computational neuroscience has only
recently been established as a scien-
tific discipline in its own right. Since
its inception, computational neuro-
science has been dedicated to the
modeling and simulation of biological
neural systems, while neuroscience
per se focuses on improving our
understanding of how the brain and
spinal cord work. 

Computational neuroscience and
engineering scientists are interested
in how to model a single neuron and
its information processing capability,
characterize neural networks as time-
varying control structures, and apply
techniques to generate large-scale
realistic simulations of networks of
neurons so that a specific biological
behavior of the brain can be emulated.
Novel models of biological systems
such as the locomotor, vestibular,
and working memory systems are
essential components for understand-
ing the brain.

Due to the increasing importance of
computational neuroscience in engi-
neering, a need has developed for a
textbook for senior undergraduate and
beginning graduate students. Neural
Engineering introduces the theoretical
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