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1 Introduction

We consider the problem of online learning for the sparse Bayesian classifiers described
in the companion report “Sparse Bayesian Classifiers for Text Categorization - Batch

7 The goal of online learning in the sparse Bayesian classification context

Learning.
is to sequentially update the posterior distribution of the model parameters as each
new labeled example arrives. The Bayesian paradigm supports this operation in
a natural fashion; starting from the prior, the first example produces a posterior
distribution incorporating the evidence from the first example. This then becomes
the prior distribution awaiting the arrival of the second example, and so on. In
practice, however, except in those cases where the posterior distribution has the same
mathematical form as the prior distribution, some form of approximation is required

to carry out the sequential updating.

Various Monte Carlo algorithms exist to perform online Bayesian learning (see, for
example, Ridgeway and Madigan, 2002). These algorithms produce Monte Carlo

samples from the posterior distributions of interest. This enables “fully Bayesian”



prediction via numerical integration of predictions with respect to the posterior. We

may pursue this approach in later work.

For now, as with the batch learning work, we are focusing on the so-called “plug-in”
approach that estimates the mode of the posterior distribution (i.e., the mostly likely
values for the model parameters given the data) and bases predictions on this one
value. This approach is computationally more efficient and may even result in more

accurate predictions in certain circumstances (Smith, 1999, Ju, Madigan, and Scott,

2002).

There exists a substantial literature concerned with online learning of maximum like-
lihood estimators and posterior modes. One branch of this literature has developed
online EM algorithms, analagous to the batch EM algorithm. Relevant references
include Titterington (1984), Neal and Hinton (1998), and Sato and Ishii (2000). A
second branch focuses on so called quasi-Bayes methods. The basic idea is to ap-
proximate the posterior at each stage with something tractable (like a Gaussian),
update this tractable distribution using Bayes theorem, and then re-approximate the
posterior. Relevant references include Smith and Makov (1978), Chai, Chieu, and Ng
(2002), and Opper (1998). We plan to investigate both approaches.

2 Proposed Algorithm

We have developed a more direct approximation that is specific to the particular
sparse Bayesian model we are currently using. In what follows we will describe this
approach to online learning. We are currently implementing this algorithm and are

preparing to run some small-scale experiments.

Our proposed approach uses a quadratic approximation to the log-likelihood for each

observation. The posterior distribution of the parameters 8 and T is:
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On the log scale, we have:
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where a;(x;3)% + b;(x;3) + ¢; approximates log ®(x;3) when y; = 1 and approximates
log(1 — ®(x;3)) when y; = 0, 7 = 1,...,t. In either case the approximation uses
a Taylor expansion around Xi/éiﬂ where Bifl estimates the posterior mode given

Y1, ---,Yi—1 (see Appendix A). Continuing:
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where:

t
ij = Zazﬂizmj, i,j=1,...,d
=1
and t
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The coeflicients 1;; and ¢; are updated in an online fashion as data accumulate.

Denote by @, the approximate log-posterior of (1). Then:
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Letting 3 8Qt = 0 and solving for 7;, we have:
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Substituting the above into = 0 results in a system of d equations:
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where 7 = 1,...,d. This system does not seem to admit a closed form solution for 3.

We are counsidering two approaches to maximizing (1). One approach to to use a
Newton-Raphson procedure directly. Since the posterior mode will change ever more

slowly as data accumulate, this should require fewer iterations as t gets large.

A second approach is to alternately maximize (1) with respect to 7 and 3. In par-
ticular, denote the current estimate of 7 by 7. Then fixing T at 7, choose the next

estimate of B by solving:
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leading to:
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where W is a d X d symmetric matrix with 7jth element 1;;,7,7 = 1,...,d and T is a
diagonal matrix with diagonal elements 7; 1,7 = 1,...,d. Next update T by setting:
27_1+\/1+875i2.71 d
T = . ,i=1,...,d.
Appendix

Here we show the Taylor expansions for the quadratic approximations to the like-
lihood. To simplify notation, let ¢ = x;8 and ¢ = Xi,[;'i,l. The standard normal

probability density function is denoted by ¢. First consider the case where 7; = 1:
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so that:




and

Now consider the case where y; = 0:
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so that:

and
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