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Adaptive Sparseness for Supervised Learning
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Abstract—The goal of supervised learning is to infer a functional mapping based on a set of training examples. To achieve good
generalization, it is necessary to control the “complexity” of the learned function. In Bayesian approaches, this is done by adopting a
prior for the parameters of the function being learned. We propose a Bayesian approach to supervised learning, which leads to sparse
solutions; that is, in which irrelevant parameters are automatically set exactly to zero. Other ways to obtain sparse classifiers (such as
Laplacian priors, support vector machines) involve (hyper)parameters which control the degree of sparseness of the resulting
classifiers; these parameters have to be somehow adjusted/estimated from the training data. In contrast, our approach does not
involve any (hyper)parameters to be adjusted or estimated. This is achieved by a hierarchical-Bayes interpretation of the Laplacian
prior, which is then modified by the adoption of a Jeffreys’ noninformative hyperprior. Implementation is carried out by an expectation-
maximization (EM) algorithm. Experiments with several benchmark data sets show that the proposed approach yields state-of-the-art
performance. In particular, our method outperforms SVMs and performs competitively with the best alternative techniques, although it
involves no tuning or adjustment of sparseness-controlling hyperparameters.

Index Terms—Supervised learning, classification, regression, sparseness, feature selection, kernel methods, expectation-

maximization algorithm.

1 INTRODUCTION: THE LEARNING PROBLEM

SUPERVISED learning can be formalized as the problem of
inferring a function y = f(x), based on a training set
D ={(x1,41);---,(Xn,Yn)}. Usually, the inputs are d-dimen-
sional vectors, x; = [zi1, ... 7:I:M]T e R% When y is
continuous (e.g., y € IR), we are in the context of regression,
whereas in classification problems, y is of categorical nature
(e.g.,binary, y € {—1,1}). The obtained function is evaluated
by how well it generalizes, i.e., how accurately it performs on
new data assumed to follow the same distribution as the
training data. Usually, the function f(-) is assumed to have a
fixed structure and to depend on a set of parameters 3 (say,
the coefficients in a linear classifier, or the weights in a feed-
forward neural network); in this case, we write y = f(x, 3),
and the goal becomes to estimate (3 from the training data.

It is known that, to achieve good generalization, it is
necessary to control the complexity of the learned function. If
it is too complex, it may follow irrelevant properties of the
particular data set on which it is trained (what is usually
called overfitting). Conversely, an overly simple function
may not be rich enough to capture the the true underlying
relationship (underfitting). This is a well-known problem
which has been addressed with a variety of formal tools
(see, e.g., [3], [4], [5], [6], [7], and references therein).

2 OVERVIEW OF METHODS AND THE PROPOSED
APPROACH
2.1 Discriminative versus Generative Learning

Supervised learning can be formulated using either a
generative approach or a discriminative approach. Basically,

o The author is with the Institute of Telecommunications and the
Department of Electrical and Computer Engineering, Instituto Superior
Técnico, 1049-001 Lisboa, Portugal. E-mail: mtf@Ix.it.pt.

Manuscript received 13 Mar. 2002; revised 26 Sept. 2002; accepted 20 Mar.
2003.

Recommended for acceptance by A. Del Bimbo.

For information on obtaining reprints of this article, please send e-mail to:
tpami@computer.org, and reference IEEECS Log Number 116078.

0162-8828/03/$17.00 © 2003 IEEE

the generative approach involves estimating the joint
probability density function p(x, y) from D. In classification,
this is usually done by learning the so-called class-
conditional densities, p(x|y), and the probability of each
class, p(y), [6]. In regression, this can be done, for example,
by representing the joint density using a kernel method or a
Gaussian mixture (see [8] and references therein). From this
joint probability function estimate, optimal Bayesian deci-
sion rules can be derived by the standard Bayesian decision
theory machinery [6].

In the discriminative approach, the focus is on learning the
function f(x, ) directly from the training set. Well known
discriminative approaches include linear and generalized
linear models, k-nearest neighbor classifiers, tree classifiers
[9], feed-forward neural networks [6], support vector
machines (SVM), and other kernel-based methods [4], [7],
[10]. Although, usually computationally more demanding,
discriminative approaches tend to perform better, especially
with small training data sets (see [7]). The approach described
in this paper falls in the discriminative category.

2.2 Bayesian Discriminative Learning with
Gaussian Priors

A Bayesian approach to complexity control in discrimina-
tive learning consists in using a prior p(fla) favoring
simplicity, or smoothness, in some sense, of the function to be
learned (where « is a vector of hyperparameters) [5]. The
usual choice, namely for analytical and computational
tractability, is a zero-mean Gaussian prior, which appears
under different guises, like ridge regression [11], or weight
decay [5], [6]. Gaussian priors are also at the heart of the
nonparametric Gaussian processes approach [5], [10], [12],
which has roots in earlier spline models [13] and regular-
ized radial basis functions [14].

The main disadvantage of Gaussian priors is that they do
not control the structural complexity of the learned function.
That is, if one of the components of 3 (say, a given coefficient
of a linear classifier) happens to be irrelevant, it will not be set
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exactly to zero. Any structural simplification will have to be
based on additional tests.

2.3 Sparseness

A sparse estimate of (3 is defined as one in which irrelevant or
redundant components are exactly zero. Sparseness is
desirable in supervised learning for several reasons,
namely:

e Sparseness leads to a structural simplification of the
estimated function.

e Obtaining a sparse estimate corresponds to perform-
ing feature/variable selection.

e In kernel-based methods, the generalization ability
improves with the degree of sparseness (a key idea
behind SVM [4], [7]).

One of the possible ways to achieve sparse estimates is to
use a zero-mean Laplacian (rather than Gaussian) prior,

p(Bla) o« Hexp{—a 18il} = exp{—a[IBll, }, (1)

where ||3|l; =", |6i| denotes the [; norm, and « is the
parameter of this density. The sparseness-inducing nature
of the Laplacian prior (or, equivalently, of the I; penalty
from a regularization point of view) is well-known and has
been exploited in several areas [15], [16], [17].

SVMs are another approach to supervised learning
leading to sparse structures. Both in approaches based on
Laplacian priors and in SVMs, there are hyperparameters
(e.g., a in (1)) controlling the degree of sparseness of the
obtained estimates. These parameters are commonly ad-
justed by crossvalidation methods which may be very time
consuming.

2.4 Proposed Approach

We propose a Bayesian approach to sparse regression and
classification whose main advantage is the absence of
parameters controlling the degree of sparseness. This is
achieved with the following building blocks:

1. a hierarchical-Bayes interpretation of the Laplacian
prior as a normal/independent distribution (as pro-
posed for robust regression in [18]);

2. a Jeffreys’ noninformative second-level hyperprior
(in the same spirit as [19]), which expresses scale-
invariance and, more importantly, is parameter-
free [20];

3. an expectation-maximization (EM) algorithm which
yields a maximum a posteriori (MAP) estimate of 3
(and of the observation noise variance, in the case of
regression).

Experimental evaluation of the proposed method (Sec-
tions 5.1 and 5.2), both with synthetic and real data, show
that our method performs competitively with (often better
than) the state-of-the-art methods (such as SVM).

2.5 Related Approaches

Our method is formally and conceptually related to the
automatic relevance determination (ARD) concept [21], [5],
which underlies the recently proposed relevance vector
machine (RVM) [22], [23]. The RVM exhibits state-of-the-art
performance: It beats SVMs, both in terms of accuracy and
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sparseness [22], [23]. However, our approach does not rely
on a type-1l maximum likelihood approximation [20] (as in
ARD and RVM); rather, our modeling assumptions lead to a
marginal a posteriori probability function on 5 whose mode
is located by a very simple EM algorithm. A more detailed
explanation of the difference between our approach and the
RVM will be presented in Section 3.5.

2.6 Organization of the Paper

In Section 3, after reviewing linear regression and Laplacian
priors, we introduce our approach. Section 4 extends the
formulation to classification problems by using a (probit)
generalized linear model. Experimental results are reported
in Section 5. Finally, Section 6 concludes the paper by
presenting some concluding remarks, including a brief
discussion of the limitations of the approach and possible
directions of future research.

3 REGRESSION

3.1 Introduction: Linear Regression with

Gaussian Prior
In this paper, we consider regression functions that are
linear with respect to the parameter vector 5 (whose
dimensionality we will denote by k), i.e.,

.
f(x,8) = Zﬁihi(x) = ("h(x), (2)
=1
where h(x) = [hy(x), ..., hu(x)]" is a vector of k fixed
functions of the input, often called features. Functions of
this form include the following well-known formulations:

1. Linear regression, in which h(x) = [1,z;,...,z4"; in
this case, k =d + 1.

2. Nonlinear regression via a set of k fixed basis
functions, where h(x) = [¢1(x),.. ., ¢x(x)]"; usually,
gbl (X) =1.

3. Kernel regression, h(x) = [1, K(x,x1),. .., K(x, x,,L)}T,
where K(x,x;) is some (symmetric) kernel function
[4] (as in SVM and RVM regression); in this case
k=n+1.

We follow the standard assumption that the output
variables in the training set were contaminated by additive
white Gaussian noise, y; = f(x;,8) +w;, for i=1,...,n,
where [wi,...,w,] is a set of independent zero-mean
Gaussian samples with variance o%. With y = [y, ... ,yn}T
the likelihood function is then

p(y18) = N (y|HB, o),

where N (v|u, C) stands for a Gaussian density of mean pu
and covariance C, evaluated at v, H is the so-called design
matrix, and I is an identity matrix. The element (4, j) of H,
denoted H;j, is given by H;; = h;(x;).

With a zero-mean Gaussian prior for 3, with covariance
A, p(B|A) = N (5|0, A), the posterior p(Gly) is still Gaussian
with the mode given by the well-known expression

7

B= (A" +H'H)'H y.

This is, of course, the maximum a posteriori (MAP) estimate
of B under this Gaussian prior. When A is proportional to
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identity, say A = u’I, this is called ridge reqression [11].
When 11 — oo, we obtain 3 = (H"H) 'H"y, the well-known
ordinary least squares estimate, which may have undesirably
large variance when H” H is an ill-conditioned matrix.

3.2 Regression with a Laplacian Prior

To favor a sparse estimate, a Laplacian prior can be adopted
for (3; that is

«

p(8le) = [[5espl=alal} = (5) exp{=allal,}.

In this case, the posterior probability density function p(5|y)
is no longer Gaussian. The MAP estimate of /3 is no longer a
linear function of y; it is given by

3:argngn{HHﬂ—yHg+202a||5||1}, 3)

where ||v|2 = >, v? denotes the squared Euclidean (/;) norm.
In regression, this criterion was named the LASSO (least
absolute shrinkage and selection operator) in [16]. To understand
why the /; norm induces sparseness, notice that moving a
vector away from the coordinate axes increases the /; norm
more than the l; norm. For example, ||[1, 0}T||2 = [1/v2,
1/V2 I, =1, while [1, 07|, =1 < [[1/v2. 1/v/2/", = V2.
The particular case where H is an orthogonal matrix
gives us some further insight on the [; penalty. In this case,
since H'H = I, (3) can be solved separately for each 3;,

Bi = argmﬁin {ﬂ? — Qﬂ,;(HTy)i +20%a |Gi]}

=sgn((H'y),) (I(H"y),| - o* o),

where (H"y); denotes the ith component of H'y, (-), is the
positive part operator (defined as (a), =a, if a >0, and
(@), =0, if a < 0), and sgn(-) is the sign function. Observe
that, when the absolute value of (H'y), is below a
threshold, the estimate BL is exactly zero; otherwise, the
estimate is obtained by subtracting a constant (equal to the
threshold) from the absolute value of (H”y),. This rule is
called the soft threshold (see Fig. 1), and is widely used in
wavelet-based signal/image estimation [24], [25].

3.3 A Hierarchical-Bayes View of the

Laplacian Prior
Let us now consider that each 3; has a zero-mean Gaussian
prior p(8;|7) = N (8]0, 7;), with its own variance 7;, and that
each 7; has an exponential (hyper)prior

p(7il7y) :geXp{—% T} for 7; > 0. (5)

It is now possible to integrate out 7;,

P30 = [ p(BImp(r1) dr = G exp{=7 |31,

obtaining a Laplacian density. This shows that the
Laplacian prior is equivalent to a two-level hierarchical-
Bayes model: zero-mean Gaussian priors with independent,
exponentially distributed variances. This equivalence has
been previously exploited to derive EM algorithms for
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®"y),

Fig. 1. Solid line: Estimation rule produced by the EM Algorithm with the
Jeffrey’s hyperprior, in the orthogonal H case. Dashed line: Hard-
threshold rule. Dotted line: Soft-threshold rule (obtained with a Laplacian
prior).

robust regression under Laplacian noise models [18]. A
related equivalence was also considered in [26].

3.4 Sparse Regression via EM

The hierarchical decomposition of the Laplacian prior allows
using the expectation-maximization (EM) algorithm to
implement the LASSO criterion in (3). This is done simply
by regarding 7 = [, ..., 73] as hidden/missing data. If we could
observe 7, the complete log-posterior log p(8, 0|y, ) could be
easily obtained; in fact,

p(B,0%|y, ) < p(y|B,0%) p(Bl7) (), (6)

where both p(y|3, o) and p(8|7) are Gaussian densities (thus,
the productcanbe carried outanalytically), and wesetp(o?) =
“constant” (of course, we could also adopt a conjugate
inverse-Gamma prior for o2, but, for large n, the influence of
the prior on the estimate of o is very small). In this case, it
would be easy to obtain the MAP (or any other) estimate of 3
and o”. Since we do not observe 7, we may resort to the EM
algorithm, which produces a sequence of estimates, B(t) and
oy, fort =1,2,3,..., by applying two alternating steps:
E-step. Computes the expected value (with respect to the
missing variables 7) of the complete log-posterior, given
the current parameter estimates and the observed data;
this is usually called the Q-function

Q(ﬁa 02|B(t)7 o/-\Q(t)) =

/ logp(8, 0|y, 7) p(7| B> o2, y) d.

M-step. Updates the parameter estimates by maximizing
the Q-function with respect to parameters:

(/B(t+1)7(72(t+1)) = argrgggg@(ﬁ, 02| ﬂ(t): 02(1%))-

The EM algorithm converges to a local maximum of the
a posteriori probability density function p(8,0°ly) o
p(y|3,0%) p(B|y), without explicitly using the marginal prior
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p(B]y), which is not Gaussian, but simply using the
conditional Gaussian prior p(5|7) in each iteration.

Let us now find the particular expressions for the
Q-function and for the parameter updates, under the
modelling assumptions above expressed, which we now
summarize:

p(ylB,0°) = N(y|HpB, 0" I)

p(0?) < "constant”,

T) = ﬁN(ﬂi|07Ti) = N(5|07 (T(T))_l)7

( ) Hexp{—— T]} for 7; >0,

where T(7) = diag(r!,...,7;!) is a diagonal matrix with
the inverse variances of all the (;’s. Moreover, y is the
observed data, and 7 is missing data.

p(ly) =

e First, applying logarithms to (6), since p(c?) is flat,
we have

logp(B,0%ly,7) o log p(y| B,0%) + log p(B|7)

H = ﬂHQ ﬁTT( )ﬂ
(7)

x —n logo® —

e Second, since the complete log-posterior is linear with
respect to T (7) (see (7)), and its other two terms do not
depend on 7, the E-step reduces to computing the
conditional expectation of Y(r), given y and the
current estimates o2 ;) and ﬂ which we denote as

-~

[T(T)|Ya02(t7 (]
Elr !y, 0 Bl Bl 1y.%w: Bl }-
®)

V(t =

= diag

e Now, observe that p(7|y, 3,0%) = (Tl|ﬁl) because,
given §;, ; does not depend ony, ¢, or Bj, for j #i.
SO/ (Tz| y, o f) /6(1 ) X p(ﬁ7 |7_1,)p(7_1)

e Since p(ﬂz, |7i) = \O 7;) and p(m) is the
exponential hyperprior given by (5), elementary
integration yields

Elr; |Y7 f)ﬂ ]
fgoTlN,BZ 110,7) Jexp{—3 7} dr;
FEN@Bl0,7) exp{-3 nyarn O
__7
1B

thus,

Vi = ’7diag{|,§1,(t) 1B

"}

e The Q-function is obtained by plugging V, in the
place of Y(7) in (7),

(10)
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Q(B, o*| By, 2 =
|y — HBJ2 (11)
0'

~ BTV (.

—nlogo? —

e Finally, the M-step (estimate update equations)
consists in maximizing Q(8, o*| By), 0%r) with
respect to o? and 3, yielding

~ _HaR
02(t+1) = argmax (—n log o — M)
o? o
(12)
2 12
_ ly — HBlly
n
and
~ y— Hﬂ 2
Pury = argmgx (‘ Iy =20k gty w)
(13)

~ -1
= (O’Z(t+1)V(,§) + HTH) HTy.

Summarizing, the E-step is implemented by (10), while (12)
and (13) constitute the M-step. This EM algorithm is not the
most computationally efficient way to solve (3); see, e.g., the
methods proposed in [27], [16]. However, it is very simple
to implement and serves our main goal which is to open the
way to the adoption of different hyperpriors.

3.5 Comparison with the RVM

We are now in position to explain the difference between
this EM approach and the relevance vector machine (RVM)
[23]; for simplicity, we will consider that o2 is known and
omit it from the notation. In the RVM, the modeling
assumptions are similar: each §; has a zero-mean Gaussian
prior p(B3i|7) = N(6;]0,7;), with its own variance 7. How-
ever, rather than integrating out the (hyper)parameters
7=[m,...,7, explicitly, or implicitly via the EM algo-
rithm, a maximum likelihood estimate 7 is obtained from
the marginal likelihood p(y|r), and then plugged into the
a posteriori density p(8|7,y). In the Bayesian literature, this
is known as an empirical Bayes or type-II maximum likelihood
approach [20].

3.6 Getting Rid of the Hyperparameter:
The Jeffreys’ Prior

One question remains: How to adjust v, which controls the
degree of sparseness of 3? Our proposal is to remove y from
the model, by replacing the exponential hyperprior on each
7; (here, generically denoted as 7) by a noninformative
Jeffreys hyperprior:

(14)

p(7) (x;.

This prior expresses ignorance with respect to scale (see [20],
[19]) and, most importantly, it is parameter-free. To see why
this prior is scale-invariant, suppose we change the measure-
ment units (scale) in which 7 is expressed; this defines a new
variable 7/ = K7, where K is the constant expressing the
change of units/scale. Then, by applying the rule for the
change of variable in a probability density function to
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b — logistic(z)

0.8F oo probit(fr—g)

0.6

0.4

0.2

0

10 5 0 5 z 10
Fig. 2. The logistic and (rescaled) probit link functions.

p(7) = 1/7, we retain the same prior, p(7’) « 1/7'. Notice that
this prior is not normalizable (its integral is not finite); it is a
so-called improper prior [20]. Of course, this prior no longer
leads to a Laplacian prior on 3, but to some other prior (see
[19] for details). As will be shown experimentally, this prior
strongly induces sparseness and leads to a very good
performance.

Computationally, this choice leads to a minor modifica-
tion of the EM algorithm described above: Matrix V) is
now given by

Vi = diag(\@m”, S |ﬂk,(t)|72)§

notice the absence of any free parameter in this E-step.

Finally, to get some insight into the behavior of this
scheme, we consider the case in which H is an orthogonal
matrix. In this case, all the equations in the EM algorithm
decouple, and the final estimate of each coefficient B, is only a
function of the corresponding (H”y),. In Fig. 1, we plot Biasa
function of (H'y),, obtained by the EM algorithm initialized
with @7(0) = (H"y),. For comparison purposes, we also plot
the well-known hard and soft threshold estimation rules [25].
Observe how the resulting estimation rule is between those
two rules; for large values of (H' y),, the estimate is very close
to (H”y), (equal in the limit), approaching the behavior of the
hard rule; as (H”y), gets smaller, the estimate becomes
progressively shrunken, approaching the behavior of the soft
rule; when (H'y), is below a threshold, the estimate is exactly
zero (as in the hard and soft rules), this being the reason why
sparseness is achieved.

(15)

3.7 An Important Implementation Detail

Since several elements of 3 are expected to go to zero, it is
not convenient to deal with V;, as given by (15), because
that would imply handling arbitrarily large numbers.
However, it turns out that we can rewrite the M-step
((13)) as

-~

Biin= U (0241l + UyH'HU ) 'U»H Yy,

where

U(T) = dlag(|ﬂl,(f)|’ RN |ﬁk,(f,)|)7
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thus avoiding the inversion of the elements of ﬁ(,,). More-
over, it is not necessary to obtain the inverse matrix, but
simply to solve the corresponding linear system, whose
dimension is only the number of nonzero elements in Uy,.

4 CLASSIFICATION

4.1 Introduction: Generalized Linear Models

In classification problems, the formulation is somewhat
more complicated due to the categorical nature of the
output variable. A standard approach is to consider a
generalized linear model (GLM) [28]. For a two-class problem
(ye{-1,1}), a GLM models the probability that an
observation x belongs to, say, class 1, as given by a
nonlinearity applied to the output of a linear regression
function. Formally, let this nonlinearity (called the link
function) be denoted as i : IR — [0, 1]; then, the GLM is
defined as

P(y = 1[x) = ¥(6"h(x)),

where h(x) was defined in Section 3.1. In logistic regression
[28], the link function is

¥(z) = (1 +exp(=2) ",

shown in Fig. 2. An important feature of the GLM approach
is that it yields class probabilities, rather than a hard
classifier; it can thus be used to obtain optimal classifiers
under different cost functions. For example, if the cost
function is simply the misclassification error, then the
classifier is obtained by thresholding ¥(57h(x)) at 1/2.

4.2 The Probit

Although the most common link is the logistic function, here
we adopt the probit model (z) = ®(z), where ®(z) is the
standard Gaussian cumulative distribution function (cdf)

(17)

®(z) = / N (2]0,1) da. (18)
The rescaled probit ®(3 27 2) is plotted in Fig. 2, together
with the logistic function; notice that they are almost
indistinguishable [29]. Of course, both the logistic and
probit functions can be rescaled (horizontally), but this scale
is implicitly absorbed by g.

4.3 Learning a Probit Classifier via EM

The fundamental reason behind our choice of the probit
model is its simple interpretation in terms of hidden
variables [30]. Consider a hidden variable z = 57h(x) + w,
where w is a zero-mean unit-variance Gaussian noise
sample p(w) = N (w|0,1). Then, if the classification rule is
y=1if 2>0, and y=—1 if 2 <0, we obtain the probit
model:

P(y=1[x) = P(8"h(x) + w > 0) = (5 h(x)).

Given training data D = {(x1,%1),- .-, (Xn,Yn)}, consider
the corresponding vector of hidden/missing variables

z = [z, ... ,zn}T, where

z = Th(x;) + w;;
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20r

Estim. # of nonzero parameters

5 10 15 20 25

True # of nonzero parameters
Fig. 3. Mean number of nonzero components in Bversus the number of
nonzero components in 3 (the dotted line is the identity).

of course, z; is not observed because we also do not know w;.
However, if we had z, we would have a simple linear
regression likelihood with unit noise variance: p(z|3) =
N (z|H3,1). This observation suggests the use of the EM
algorithm to estimate (3, by treating z as missing data.

To promote sparseness, we will adopt the same hierarch-
ical prior on 8 that we have used for regression: p(G;|7;) =
N (510, 7;) and p(7;)  1/7; (the Jeffreys prior). The complete
log posterior (with the hidden vectors 7 and z) is

logp(Bly,7,2) < logp(B,y,T,2)
oc p(z|8) p(8| ) p(T) p(y] 2)
x —pfTHTHB - 28"THT 2 — 1Y (1)B,

(19)

after dropping all terms that do not depend on 3. Notice that
this is similar to (7), with two differences: the noise variance is
1; the missing z plays the role of observations in the regression
equations. The expected value of Y (7) is, of course, similar to
the regression case, since it only depends on 3; accordingly,
we consider the same diagonal matrix defined in (16). In
addition, we also need E[z|3,y] (notice that the complete
log-posterior is linear with respect to z), which can be
expressed in closed form, for each z;, as

5,0 = Elzi] By, vl

N ar h(x;)|0,
Bl h(x,) + Pty (20)
B )
N@Eh)0L)
ﬁrhxi ——U " ify, = —1.
h(x) (B! h(x,)

These expressions are easily derived after noticing that z; is
(conditionally) Gaussian with mean B(Tt)h(xi), but left-
truncated at zero if y; = 1, and right-truncated at zero if
yi = —1. With s = [s1,4), ..., 80, , the M-step is similar to
the regression case:

B(prl): U(t) (I + U(t)HTHU(t))ilU@HTS(t), (21)

with s, playing the role of observed data.

Summarizing, for the classification case, the E-step
corresponds to (16) and (20), while the M-step is carried
out by (21).
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TABLE 1
Relative (%) Improvement in Modeling Error of Several Methods
Method B. | B
Proposed method | 28% | 74%
LASSO (CV) 13% | 69%
LASSO (GCV) | 30% | 65%
Subset selection | 13% | 77%

5 EXPERIMENTAL RESULTS
5.1 Regression

5.1.1 Variable Selection in Linear Regression
Our first example illustrates the use of the proposed
method for variable selection in standard linear regression;
that is, when the regression equation is y = 7 x.

We consider a sequence of 20 [ vectors, all 20-
dimensional, with an increasing number (from 1 to 20) of
nonzero components. Specifically, 3% = [3,0,0,...,0], 8?
=1[3,3,0,...,0], ..., 3% =[3,3,3,...,3]. For each 8%, i = 1,
...,20, we obtain 100 random (50 x 20) design matrices,
following the procedure in [16], and for each of these, we
obtain 50 data-points with unit noise variance. Finally, for
each ), we obtain the 100 estimates of 3} (one for each
design matrix). Fig. 3 shows the mean number of estimated
nonzero components, as a function of the true number. Our
method exhibits a very good ability to find the correct
number of nonzero components in (, in an adaptive
manner.

We next consider two of the experimental conditions that
were studied in [16]: 5% = [3,1.5,0,0,2,0,0,0], with ¢ = 3,
and g% =[5,0,0,0,0,0,0,0], with ¢ = 2. In both cases, the
(20 x 8) design matrices are generated as described in [16].
We have compared the relative modeling error (defined as
ME = E[||Hj — Hf|*]) improvement (with respect to ordin-
ary least squares) of our solution against several methods
studied in [16]: LASSO with o adjusted by cross-validation
(CV) and generalized crossvalidation (GCV), and subset selec-
tion (also based on crossvalidation; see [16] for details). As
shown in Table 1, our method performs comparably with the
best method for each case, although it involves no tuning or
adjustment of parameters, and is computationally simpler
and faster.

5.1.2 Kernel Regression

We now study the performance of our method in kernel
regression; that is, with

y:f(xaﬁ) :/60+Z/82 K(Xaxi)7
i=1

where K(x,x;) is a kernel function. This type of representa-
tion is used in support vector machine (SVM) regression [4]
and in relevance vector machine (RVM) regression [22], [23]. In
all the examples, we use Gaussian kernels, i.e.,



1156

1.2 T

8 -6 -4 -2 0 2 4 6 8

Fig. 4. Kernel regression example; dotted line true function y = sin(z)/z.
Dots: 50 noisy observations (¢ = 0.1). Solid line: the estimated function.
Circles: data points corresponding to the kernels with nonzero weight,
the “support points.”

2
X —X;
K(x,x;) = exp{|252|}7

where 6 is a parameter which controls the kernel width.
We begin by considering the synthetic example studied
in [22] and [23], where the true function is y = sin(x)/z (see
Fig. 4). To compare our results to the RVM and the
variational RVM (VRVM), we ran the algorithm on
25 generations of the noisy data. The results are summar-
ized in Table 2 (which also includes the SVM results
reported in [22]). Finally, we have also applied our method
to the well-known Boston housing data set (using 20 random
partitions of the full data set into 481 training samples and
25 test samples); Table 2 shows the results, again, versus
SVM, RVM, and VRVM regression (as reported in [22]). In

(22)

TABLE 2
Mean Root Squared Errors and Mean Number of Kernels for the
“sin(z)/2” Function and the Boston Housing Examples

“sin(z)/z” function

Method MSE | No. kernels
New method | 0.0455 7.0
SVM 0.0519 28.0
RVM 0.0494 6.9
VRVM 0.0494 7.4

Boston housing

Method MSE | No. kernels
New method | 9.98 45.2
SVM 10.29 235.2
RVM 10.17 41.1
VRVM 10.36 40.9
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Fig. 5. Average (90 repetitions) test error rates of quadratic classifiers
versus dimensionality.

these tests, our method performs better than RVM, VRVM,
and SVM regression, although it does not require any
adjustment of a sparseness-related parameter; of course, the
results depend on the choice of kernel width 6 (as do the
RVM and SVM results).

5.2 Classification

5.2.1 Feature Selection for Linear and Quadratic
Classifiers

For linear, quadratic, or higher order classifiers, our method
may be seen as a feature selection criterion embedded into
the learning algorithm. To illustrate this, consider two
Gaussian classes, both with covariance matrices equal to
identity, and means

d—2 zeros
———
o =[1/v2,1/v/2, 0,0,...,0]"

d dimensions

and p, = —p,. The optimal Bayes error rate is given by
®(—-1]0,1) ~ 0.1587, independently of d. Of course, the
optimal classifier for this data is linear and only uses the first
two dimensions of the data. We first trained our classifier,
using both linear and quadratic functions, i.e., the functions
¢i(x) (see Section 3.1) include all the d components, their
squares, and all the pair-wise products, in a total number of
d + d(d + 1)/2 features. We also trained a standard Bayesian
plug-in classifier obtained by estimating the mean and
covariance of each class. Both classifiers were trained on 100
samples per class, and then tested on independent test sets of
size 1,000 (500 per class). Fig. 5 shows the resulting average
(over 90 repetitions) test set error rate as a function of d. Fig. 6
reports a similar experiment, now with linear classifiers
learned from training sets with 50 samples per class. These
results show that the proposed method exhibits a much
smaller performance degradation as more irrelevant features
are included, when compared with the common plug-in
classifier.

5.2.2 Kernel Classifiers

The final experiments address kernel-based classifiers. As in
the regression case, we use Gaussian kernels (see (22)). Our
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Fig. 6. Average (90 repetitions) test error rates of linear classifiers
versus dimensionality.

Fig. 7. Classification boundary for Ripley’s data. The data points
corresponding to the selected kernels are marked by squares.

first experiment uses Ripley’s synthetic data set,' in which
each class is a bimodal mixture of two Gaussians; the optimal
error rate for this problem is 0.08 [6]. Fig. 7 shows 100 points
from the training set and the resulting classification boundary
learned by our algorithm. The five training samples needed to
support the selected kernels (like support vectors in SVM) are
marked by small squares. Table 3 shows the average test set
error (and the final number of kernels) of 20 classifiers learned
from 20 random subsets of size 100 from the original
250 training samples. For comparison, the table also includes
results reported in [22] for RVM, VRVM (variational RVM),
and SVM classifiers. Our method is comparable to RVM and
VRVM and clearly better than SVM (specially in terms of
sparseness) on this data set. To allow the comparisons, we
chose 6§ = 0.5, which is the value used in [22].

For additional tests, we used three well-known benchmark
real-data problems: the Pima indians diabetes,” where the goal
is to decide whether a subject has diabetes or not, based on
seven measured variables; the Leptograpsus crabs® where the
problem consists in determinng the sex of crabs, based on five
geometric measurements; and the Wisconsin breast cancer*
(WBC), where the tast is to produce a benign/malignant

1. Available at www.stats.ox.ac.uk/pub/PRNN/.
2. Available at www stats.ox.ac.uk/pub/PRNN/.
3. Available at www.stats.ox.ac.uk/pub/PRNN/.
4. Available at www.ics.uci.edu/~mlearn/MLSummary.html.

TABLE 3
Mean Test Error and Number of Kernels on
Ripley’s Synthetic Data Set
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Method Mean error rate | No. kernels
Proposed method 0.095 4.8
SVM 0.106 38
RVM 0.093 4
VRVM 0.092 4
TABLE 4
Numbers of Test Errors on Three Data Sets Studied
Method Pima | Crabs | WBC
Proposed method 62 0 8.5
SVM |[31] 64 4 9
RVM [22] 65 N/A | N/A
VRVM [22] 65 N/A | N/A
Neural network [12] 75 3 N/A
Logistic regression [12] 66 4 N/A
Linear discriminant [31] 67 3 19
Gaussian process [31] [12] | 67, 68 3 8

diagnosis from a set of 30 numerical features. In the Pima case,
we have 200 predefined training samples and 332 test
samples. For the crabs problem, there are 80 (also predefined)
training samples and 120 test samples. For the WBC problem,
there is a total of 569 samples; the results reported were
obtained by averaging over 30 random partitions with
300 training samples and 269 test samples (as in [31]). Prior
to applying our algorithm, all the inputs are normalized to
zero mean and unit variance, as is customary in kernel-based
methods. The kernel width was set to 6 = 4, for the Pima and
crabs problems, and to § = 12 for the WBC. Table 4 reports the
numbers of errors achieved by the proposed method and by
several other state-of-the-art techniques. On the Pima and
crabs data sets, our algorithm outperforms all the other
techniques. On the WBC data set, our method performs
nearly as well as the best available alternative. The running
time of our learning algorithm (implemented in MATLAB) is
less than 1 second for the crabs data set, and about 2 seconds
for the Pima and WBC problems. Finally, we note that the
kernel classifiers obtained with our algorithm use only 6, 5,
and 5 kernels (they are very sparse), for the Pima, crabs, and
WBC data sets, respectively. Compare this with the 110 sup-
port vectors (more than half the training set) selected by the
SVM (reported in [22]) on the Pima data set.

Like the SVM, our learning algorithm can be extended to
k-class problems (with k > 2) by learning & binary classifiers
(each class versus the others). There are other ways of
extending binary classifiers to multiclass problems, but we
willnot focus on thisissue here. To test the performance of our
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TABLE 5
Test Error on the “Forensinc Glass” Data Estimated by
10-Fold Crossvalidation

Method % error
Proposed method 21.5
Neural network [12] 23.8
Gaussian mixture [12] 30.8
Gaussian process [12] 23.3

method on a multiclass problem, we used the forensic glass
data set,® which is a 6-class problem with nine features.
Following [12], the classification error rate was estimated
using 10-fold cross-validation. The results in Table 5 show
that our method outperforms the best method referred in [12],
a Gaussian process (GP) classifier implemented by MCMC.
The GP-MCMC classifier requires about 24 hours of
computer time [12], while ours is learned in a few seconds.

6 CONCLUDING REMARKS

We have introduced a new sparseness-inducing prior
related to the Laplacian prior. Its key feature is the absence
of hyperparameters to be adjusted or estimated, achieved
through the use of a (parameter-free) Jeffreys’ prior.
Experiments with several publicly available benchmark
data sets, both for regression and classification, have shown
state-of-the-art performance. In particular, on the data sets
considered, our approach outperforms support vector
machines and Gaussian process classifiers, although it
involves no tuning or adjusting of sparseness-controlling
hyperparameters.

In its current form, the kernel version of our approach is
not applicable to large-scale problems (that is, with large
training sets, like in handwritten digit classification), which
were thus not considered in this paper. This fact is due to
the need (in the M-step) to solve a linear system of
dimension n + 1, (where n is the number of training points),
whose computational requirements scale with the third
power of n. This computational issue is a topic of current
interest to researchers in kernel-based methods (e.g., [32]),
and we also intend to focus on it. Another well-known
limitation of kernel methods is the need to adjust the kernel
parameter(s) (e.g., the Gaussian kernel width ¢ in (22)). Of
course, the results of our method strongly depend on an
adequate choice of these parameters, and our formulation
does not contribute to the solution of this problem.
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