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Abstract

The class-specific method (CSM) is an approach for con-
structing classifiers with class-dependent features that
blends signal processing with classifcation theory. CSM
is based on the mathematical identity called the proba-
bility density function (PDF) projection theorem that ex-
tends classical Bayesian theory. In contrast to conven-
tional classifiers, feature extraction is an integral part of
the theory. Because CSM does not need a common fea-
ture space, the dimensionality curse can be avoided. The
tutorial covers fundamentals including generative and dis-
criminative classiifers, the PDF projection theorem, class-
specific modules and the chain rule. Many intuitive ex-
amples are providded. Some advanced examples are also
covered.

1 Overview

The class-specific method (CSM) is emerging as an im-
portant new generative method in signal modelling and
classification. Numerous papers (see bibliography be-
low), a tutorial article[1], and a conference tutorial [2]
have appeared on CSM.

2 Background

While the ultimate goal of all classifiers is to distinguish
the various classes, the difference between generative and
discriminative classifiers is the approach taken. While
discriminative classifiers achieve the goal directly through
construction of decision boundaries in a common feature
space, generative classifiers achieve the goal indirectly
by statistically modelling each class. Each method has
a good argument: proponents of discriminative classi-
fiers argue that it is better to estimate decision bound-
aries directly while proponents of generative classifiers
argue that generative classifier are embodiments of the
optimal Bayesian classifier and by fully modelling each

class, there is a better chance of rejecting new unseen data
types. The best argument, however, is that the best classi-
fiers contain elements of both generativeanddiscrimina-
tive classifiers.

Recently, most attention has been paid to discrimina-
tive methods. The treatment of generative methods is
inadequate, not just from the point of view of attention,
but from the point of view that most treatments of gen-
erative classifiers are in the context of a common feature
space. Within the constraints of a common feature space,
discriminative classifier are often better. However, with
the introduction of the PDF projection theorem (PPT) in
2000 [4], [5], [23], the situation has changed for genera-
tive classifiers. The constraint of living within a common
feature space has been removed and each data class can
be modelled using a dedicated signal processing chain.

The class-specific method (CSM) blends signal pro-
cessing with classification theory using the theoretical
foundation of the PDF projection theorem [5]. At
times alone, but mainly when combined with discrim-
inative methods, CSM can produce substantial perfor-
mance improvements. The so-called curse of dimension-
ality plagues conventional generative and discriminative
classification methods because when restricted to a com-
mon feature space, it is necessary to seek a compromise
between conflicting goals. If the feature dimension is too
low, critical information is lost. If the feature dimension
is too high, estimation of PDFs and decision boundaries
are plagued by the dimensionality issues.

In CSM, because a given feature set does not need to
represent all classes, the features are required only to dis-
tinguish a given class from a reference hypothesis that can
be chosen separately for each class. As new classes are
added, no changes are required for existing models. While
many methods exist for class-dependent feature extrac-
tion, [6],[7], [8], none except CSM are based on a rigid
general theory that is directly tied to the optimal Bayesian
classifier. Thus, they are subject to approximations and
restrictions, whereas CSM is a generalization of classical
theory. Because CSM is a generative approach (focused

1



on modeling each class) and not a discriminative method
(focused on discriminating classes), it can operate hand
in hand with discriminative methods to produce perfor-
mance better that either method alone.

Because CSM is signal-modelling intensive, it facili-
tates intuitive monitoring of performance at every stage
through signal synthesis and statistical PDF model syn-
thesis. The promise of improved performance comes at a
price. CSM requires careful attention to signal and PDF
modelling and careful balancing of numerical and statis-
tical errors. Thus, there is a substantial learning curve for
first-users.

3 Tutorial

3.1 Brief Description

This tutorial is designed to to inform the audience about
the fundamentals of CSM. The examples ranging from
time-series and spectral modeling to speech signal model-
ing are provided to give the audience a good feel for what
kinds of problems would benefit from CSM how to ap-
ply it when it is. It is designed to provide information at
enough detail to be of interest to researchers in the field
of signal processing, pattern recognition, speech recogni-
tion, and related fields. The introduction and basic exam-
ples are at a high-enough level to make the talk accessible
to audience members with a general interest in finding out
what is CSM.

3.2 Tutorial Outline

1. Background and Theory.

(a) Discriminative and Generative classifiers.

(b) Conventional classifier and the Curse of Di-
mensionality.

(c) PDF projection theorem.

(d) Fixed and floating reference hypothesis.

(e) The chain rule.

(f) The class-sepific module.

2. Practical Design issues.

(a) Choosing reference hypotheses.

(b) Choosing features.

(c) Signal re-synthesis from features.

(d) Signal re-synthesis from PDF.

(e) Hybrid Discriminative-CSM classifier.

3. Class-Specific Model Examples.

(a) AR, MA, ARMA modeling.

(b) Spectral Modelling.

(c) Order statistics.

4. Working classification examples.

(a) Synthetic signals.

(b) Speech signals.

5. Advanced Concepts.

(a) Class-specific iterated subspace.

(b) Multiresolution HMM.

3.3 Target Audience

Audience members with a general understanding of sig-
nal processing and classification theory will benefit from
most of the tutorial. To fully absorb the material, a famil-
iarity with advanced statistical methods such as hidden
Markov models (HMM), Gaussian mixtures, and a basic
understanding of decision theory and probability density
functions (PDFs) is required.

3.4 Interest to FUSION 2008 Audience

Because CSM is a blend of signal processing and classi-
fication, it is of interest to a wide group within FUSION
2008.

4 About The Author

The author has worked in sonar signal processing since
1979 at Raytheon corporation in Portsmouth, RI, USA,
and has been with the Naval Undersea Warfare Center
(NUWC) in Newport, RI, USA since 1996. At NUWC,
Dr. Baggenstoss has worked exclusively in statistical sig-
nal classification and modeling. He has published a wide
range of conference papers [4], [9], [10], [3], [11], [12],
[13], [14], [15], and journal articles [16], [17], [18], [19],
[20], [21], including landmark articles in classification
theory [22], [23], [5], [24]. Related articles published by
Steve Kay [25], [26] are also notable.

Dr. Baggenstoss has worked as an adjunct professor at
the university of connecticut, Storrs, where he taught de-
tection theory and digital signal processing. In February
2000, he began a 1-year joint research effort with the Pat-
tern Recognition Chair, University of Erlangen, Erlangen,
Germany. The author lives in Newport, RI, USA, speaks
fluent German and has working knowledge of French and
Spanish.

Dr. Baggenstoss published a tutorial ar-
ticle on CSM [1] and has delivered a
conference tutorial on CSM in 2003 [2]:
http://www.oceanicengineering.org/main.
cfm?id=147&r1=5.00&r2=3.05&level=2
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Newport, RI, 02840, USA
Tel: 001-401-832-8240
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Figure 1: This figure shows how CSM can be applied to speech analysis. Pictured is the word “stool” analyzed by
the multi-resolution hidden Markov model (MR-HMM). The MR-HMM is a means of processing data at multiple
resulutions, yet combining the likelihood functions from various processing lengths into a log-likelihood function for
the full raw data record. The MR-HMM computes the likelihoodfunction of the raw data averaged over all possible
paths through the state trellis. Each state is constrained by a minimum number of consecutive visits to the state, thereby
controlling the processing length of each state. Use of multiple processing lengths is important in speech applications
where long vowel sounds (“oo” in “stool”) exist together with short sounds (the “t” in “stool”). The CSM’s PDF
projection theorem is the theoretical key to the MR-HMM.
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