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Abstract. Generating rule-based models from data is an efficient way of inferring
information from large datasets. In high dimensional spaces, the complexity of
the model itself can undermine the direct interpretability of this information. This
chapter introduces metrics quantifying the information flow between inputs, feature
dimensions and output classes. These metrics are used to estimate the contribution
of individual input features to a fuzzy classification task without making explicit
use of the data underlying the model. Application of these techniques to a speech
classification problem shows that significant reduction in the model dimensionality
can be achieved with minimal accuracy loss.

1 Introduction

1.1 Classification Algorithms and Interpretability

The increasing accessibility of data in many areas of technology has driven the
development of many automatic classification and clustering algorithms. The
use of these algorithms for classification and modeling purposes is in general
well understood. However, the more complex these models are, the more they
tend to obfuscate the relationships between the data and the classification
output.

A more recent research trend focuses on investigating the data with the
goal of getting some insights about the system that generated it. A classi-
fication algorithm is now required to provide a low error rate as well as an
interpretable decision process.

The task of classification can be considered, in its canonical form, as the
application of a one-to-one mapping from an input feature space into the
space of output classes. In addition, it is of importance both when designing
and using a classifier to be able to evaluate it on several grounds. Among
these:

e The classifier’s confidence in its decisions
e The interpretability of the relationships between inputs and outputs
e The sensitivity to the input features

The first automatic classifiers that tried to answer the need for inter-
pretability were based on fuzzy logic. Fuzzy logic based classifiers have been
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introduced to facilitate the interpretation process [1,2] [3, Chapter 8]. The
representation of knowledge through rules and of the input space through lin-
guistic values allows the user to easily understand how a given output class
has been assigned to a given input pattern.

For input spaces with small dimensionality, fuzzy rules are easy to read.
If the input space includes many features, or if the problem is complex and
a very high number of fuzzy rules is generated, the decision process becomes
much less transparent.

Owing to the dramatic growth of the dimensionality of databases, even
as interpretable classifiers as fuzzy models tend to show their limits. It is
sometimes necessary to set aside the rule-based representation, and move
to a more compact description of the system based on information content.
A more global measure of the system sensitivity to the input features can
provide better insights into the classifier [4,5], using a much smaller set of
descriptive variables.

Statistical decision trees, based on probabilistic observations, were also
introduced to provide an interpretable statistical classification process [6,7].
In statistical decision trees, at each step, the entropy maximization on a
given subset of training data is used to determine the most informative split
of the input space on one of the input dimensions. After recursively applying
such split search, a tree can be built where the nodes correspond to the
decisions and the leaves to the final classification results. A visual inspection
of the tree can rapidly provide a summary about the whole classification
process. Given that statistical decision trees and fuzzy systems represent two
among the most interpretable classification algorithms, they were combined
to produce fuzzy decision trees (fuzzy ID3) [9]. On the basis of a fuzzy entropy
definition, a fuzzy decision tree can be built in a similar way to statistical
decision trees. However, even with these tools, whenever the classification task
is complex and/or the input space has very high dimensionality, the visual
inspection of the model can become intractable. In addition, there is a need
for quantifiable measures to be associated with the interpretation process.
A quantitative “interpreter” associated with a classification model can be
much more powerful a tool for automated system analysis than a mechanism
requiring visual inspection.

1.2 Challenging Datasets

Large and high dimensional databases are increasingly becoming available to
the community to challenge the way data analysis has been performed so far.

An example of a field that produces large size databases with high dimen-
sionality is speech recognition. Research speech recognition systems compute
up to 200 input features from a single frame of the speech signal. The OGI
Corpus [10], for example, consists of one minute long speech segments spo-
ken over commercial telephone lines of speakers in 12 different languages.
The database contains a total of more than 1900 calls. Numerous corpora of
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similar or greater size are quite widespread and intensively exploited to train
and analyze speech systems.

In the biomedical field, the recording of heterogeneous data is becoming
more widespread. For example, for the electrocardiographic signal (ECG)
the number of leads increased (up to 12) as well as the duration of each
recording (up to 24 hours). Many physiological sources are now monitored
simultaneously for longer and longer periods of time.

Many examples of this kind of biomedical data can be found on the Phys-
ioBank web site [11]. PhysioBank is a large and growing archive of well-
characterized digital recordings of physiologic signals and related data for
use by the biomedical research community. PhysioBank currently includes
databases of multi-parameter cardiopulmonary, neural, and other biomedical
signals from healthy subjects and patients with a variety of conditions with
major public health implications, including sudden cardiac death, congestive
heart failure, epilepsy, gait disorders, sleep apnea, and aging. For example,
the Apnea-ECG database consists of 70 ECG recordings with simultaneous
respiration signals, each typically 8 hours long [12].

Similarly, bioinformatics work almost exclusively on extremely large da-
tabases. The National Center for Biotechnology Information (NCBI) [13] cre-
ates public databases on computational biology, genome data, and biomedical
information, all of these aimed at the better understanding of molecular pro-
cesses affecting human health and diseases [14].

In particular, GenBank [15] is the NIH genetic sequence database, an
annotated collection of all publicly available DNA sequences. GenBank (at
NCBI), together with the DNA DataBank of Japan (DDBJ) and the Eu-
ropean Molecular Biology Laboratory (EMBL) comprise the International
Nucleotide Sequence Database Collaboration. These three organizations ex-
change data on a daily basis. GenBank grows at an exponential rate, with
the number of nucleotide bases doubling approximately every 14 months.
Currently, GenBank contains more than 13 billion bases from over 100,000
species.

1.3 Information Measures

On large and/or high-dimensional databases, direct interpretation techniques,
such as visual inspection of decision trees and representation of fuzzy rules on
a two or three-dimensional space, are not informative. Alternative techniques
have to be implemented to gain insights on the most significant aspects of
the classification system.

One approach has been to view the system in a parallel coordinate envi-
ronment. All input space coordinates are represented in different sections of
a two-dimensional plane, allowing an unconventional but exhaustive view of
the classification system [16—18]. Other techniques focus on the definition of
a global measure characterizing one or more properties of the system.
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An important part of a decision process consists of the measurement of
how much each input feature contributes to the final outcome. Feature char-
acterization can be used for several purposes:

e feature selection: removing superfluous inputs to simplify classification,

e robustness evaluation: analyzing the classification outcome under noisy
conditions,

e feature weighting: rebalancing of the feature importance in the decision
process.

Many information retrieval or data mining techniques, developed to allow
some partial interpretation of the decision process, operate directly on the
data [4], independently from the classification model. However, there are also
reasons to treat classification and interpretation jointly.

First, techniques that operate directly on the data often actually create
a model of it. A model trained for the purposes of classification will guar-
antee a better match to the problem at hand. Secondly, the classifier has in
general orders of magnitude less degrees of freedom than the data, making
the analysis simpler and more tractable computationally. As a consequence,
techniques involving joint modeling and classification are getting a lot of
attention [19,20].

Fuzzy systems, in particular, produce a computationally simple descrip-
tion of the input space and can be considered good candidates for joint clas-
sification and interpretation analysis. In Section 3, a joint classification and
feature selection approach is proposed. Fuzzy rules are trained and subse-
quently analyzed in terms of the impact that input features have on the
classification process.

To quantify the information content associated with the input features
of a fuzzy model, a mutual information measure is applied (Section 2.5),
being the relative difference between the intrinsic information available in
the system before and after using a given input feature for the analysis [21]
[3, chapter 8]. The measure of the information contained in a fuzzy model is
derived solely on the basis of its fuzzy rules.

For the purposes of feature selection, the input features are ranked accord-
ing to their impact on the fuzzy classification model and the least influencing
features are discarded. The ranking provides useful insights on the relative
importance of the input features for this fuzzy model. The feature selection
also reduces the model size and possibly improves its performance, since noisy
input features that do not contribute to or even confuse the classification pro-
cess are identified and excluded from the analysis.

1.4 Feature Selection

Given a large dimensional input space and a classifier, the objective of fea-
ture selection [22] is to determine from the model which sets of features are
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meaningful to use and which can be discarded. There are several motivations
for addressing this problem [23]:

e Reduce the number of rules to improve the interpretability of the model,

e Improve the accuracy of the model by removing potentially noisy super-
fluous features,

e Compress the model for complexity reduction and faster classification.

Features selection methods are usually referred to as either filter methods
or wrapper methods. Filter methods quantify the importance of input fea-
tures without taking into account the classification algorithm that will use
the selected subset. Wrapper methods on the opposite use the classification
algorithm as the evaluation function to choose the relevant input features.
The evaluation functions, in general, can be distance, information (or uncer-
tainty), dependence consistency, and classifier error rate [24].

Numerous criteria [25] have been proposed for selecting features, includ-
ing correlation methods [26] and minimum description length [27]. A very
extensive bibliography on feature selection can be found at [28].

In [21], for example, feature merit measures are defined on the basis of the
entropy maximization theory of statistical decision trees. Another algorithm
uses the ROC curves of the inductive algorithm to quantify the importance
of the input features [29].

The main issue of feature selection is the intractability of an exhaustive
search of the space of all possible subsets of features for high-dimensional
problems. Various search strategies can be adopted [30,24], like sequential
selection [31,32], or stochastic search strategies [33-35]. A general drawback
of these techniques, however, is the amount of computation they require.
These can involve a high number of training runs for different classifier con-
figurations as well as decisions based on direct inspection of potentially large
volumes of data.

1.5 Speech Classification

Automatic Speech Recognition (ASR) systems are classifiers that make use of
various levels of linguistic information to decode spoken utterances into their
textual transcription. Typical speech recognition systems consist of several
data analysis blocks:

e Front-end: the speech signal is segmented into frames long of a few mil-
liseconds, and passed trough an analysis transform from which features
are extracted.

o Classifier (Acoustic Model): the features are submitted to a classifier that
computes the probabilities of possible phonetic units.

e Decoder (Language Model): translates the probabilistic sequences of pho-
netic units into the most likely corresponding word.
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ASR systems are usually very complex and involve a very high number
of parameters derived from acoustic, phonetic and linguistic knowledge [36].
This structure usually does not provide much visibility into the workings
of the system and the interpretability of ASR models is quite poor. As an
example, any modification made to the front-end processing typically requires
a retraining of the acoustic model, which can be an extremely time consuming
process.

In commercial systems, typically between 20 and 50 spectral or time-
domain features are extracted from the speech signal and used as input for
the frame classification [36]. Due to the complexity of the system, it is rather
difficult to estimate a priori the contribution of each input feature to the final
result. For the same reason, any recursive search strategy aimed at reducing
the dimensionality of the input space would involve a prohibitively large
number of re-training and re-evaluation of the system performance.

The feature selection algorithm proposed in this chapter facilitates the
task of investigating the input feature contributions. Because it uses fuzzy
systems, and because it operates directly on the model while making abstrac-
tion of the data, it is computationally inexpensive and particularly suited for
this class of problems.

The analysis in Section 4 focuses essentially on the influence of features
on the acoustic model, with the assumption that a good frame classifier is the
basis for an acceptable word recognition error rate. In particular, the phone
classification task is decomposed into the recognition of simpler phonetic
properties [37,38] from which phonetic units derive. This approach is more
robust than direct classification of phones using a single all-purpose classifier.
The phone labels can be recovered as a second step in the process by cross-
analysis of all the phonetic properties of the speech frame [39].

2 Information Measures

2.1 Membership Degree and Information

A broad class of commonly used classifiers operate using mechanisms much
more suitable for introspection than the simple specification of a functional
mapping between inputs and outputs. These classifiers operate by defining a
set of membership functions that associate a given input pattern from domain
D to an output class C' € C by means of a membership degree puc : D —
[0,1]. The membership degree summarizes by one scalar the information the
model possesses about the class membership of a given input vector, with
the assumption that the membership degree is proportional to the model’s
confidence in the association.

Classifying an input & amounts to finding the class that maximizes the
membership degree:

C (z) = argmax o (z)
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This simple representation of the information contained in the classifier
adds a lot to its interpretability. This type of model contains information
about all the possible class associations for any given input vector, as op-
posed to the output class only. A mathematically simple representation of
the decision process is thus embedded into the model, and can be exploited
for introspective analysis.

A consequence of this choice of a representation is that comparing rela-
tive membership degrees across regions of the feature and/or output space
will provide measures of the amount of information contained in the model
relative to any combination of inputs and outputs. For example, the infor-
mation contained in the model about any given input « is determined by
the distribution of the membership degree of  across all possible classes. A
very uneven distribution indicates that the model makes strong associations
between this input and some of the classes, while a flat distribution indicates
that the model has no information at all about the class membership of the
input.

Class B ' Class C

! Class A

Membership Degree

.
|
Y Feature Dimension

Fig. 1. Information as carried by membership functions: point X has very similar
membership degrees across each class, implying that the model contains very little
information about this input. The model is much more “informative” about the
association of point Y with class B.

Measuring the degree of unevenness of a distribution A = {\.,c € C},
(3>° Ai = 1) has been tackled from different perspectives [21,40]. In particu-
lar, information theory introduced the concept of entropy [41], subsequently
applied to rule-based systems [9]:

Entropy

I(A) == AclogX

The entropy is symmetric in its arguments, ensuring that no class is given
more importance than any other. It is maximized when the distribution is
even, and identically zero when any A; equals 1, effectively measuring the
degree of randomness of the distribution.
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By defining a normalized membership degree and a normalized informa-
tion index as:
Normalized Membership Degree

pe (x)
Ao () = =————
)= 5 e @)
Normalized Information Index
_ log|C| —T(4)
Ho) = ogel

I(z) € [0,1] is a pointwise measure of the information the classifier pro-
vides about a given input x.

2.2 Class-based Information Measure

Entropy can quantify the information a classifier provides about an input
pattern. Similarly, information measures that relate to the output classes
can be defined. A simple description of the impact of the classifier on a given
class C' over a domain D can be constructed using its average membership
degree.

Average Membership Degree

V(C) = b’f#
D

Note that the integration is carried over dz, which is not necessarily uni-
form over D, if a prior on the feature distribution exists. Assuming normalized
membership functions, a higher average membership degree to class C' indi-
cates a more uniformly distributed class over the input space. An output class
represented by a membership function which takes value +1 everywhere on
the input domain has average membership degree +1. A membership func-
tion with average value V (C) = 0 indicates an output class that is never
related with any pattern of the input domain D.

2.3 Global Information Measure

In order to quantify the information contained in the whole classifier, all
average membership degrees from the different membership functions should
be considered together. Models with high informational content will have
their average membership degrees spread across classes, while models with no
information - i.e. all inputs map to a single class - will have their membership
degrees unevenly distributed across classes. As previously, entropy metrics
can be used to quantify this degree of unevenness. Define the relative average
membership degree as follows:
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Relative Average Membership Degree

_ V()
ECEC V (C)
The information contained in the classifier over the domain D for the set

of classes C can be computed as [3, chapter8] [5]:
Global Model Information

I1C)=- Zv (¢)logv (c)

ceC

v (C)

2.4 Distance Between Models

In order to compare alternative linguistic descriptions of the same data, it is

useful to define a metric on the model space. Consider a model m; described

by the relative average membership degree v; (c) , ¢ € C over the input domain

D, and a second model my described by w2 (¢), ¢ € C over the input domain

Ds. Define the divergence between models — or relative information — as:
Divergence between Models

v1 (€)
va (c)

D (malms) = ) v1 () log

ceC

This divergence doesn’t exactly define a metric on the model space, be-
cause it lacks the symmetry in its arguments:

D (m1||m2) # D (malma)
However, it bears the other properties expected from a distance measure:

e Non-negativity: D (mq||mz) >0
e Null kernel: D (my||mz2) =0 <= Ve e C,v; (c) = v (c)

The importance of this measure lies in the fact that there is no need for two
models to share the same input space to be comparable. For example, define
a hypothetical model U describing C, which assigns equal relative average
membership degrees u (¢) = 1/|C| to each class. According to the definition
of the global model information, this model has very high information, and
indeed one can show that it is maximal over all models describing C:

Iy (€) = log|C]|

The global information of a given model m can now be reinterpreted in
terms of its distance to this idealized model U:

I (C) = Iy (C) = D (m||U)
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The topology induced by this divergence over the model space brings new
dimensions to the analysis. Instead of simply evaluating models in terms of
how they perform, they can now be compared in terms of the information
they bring. Two otherwise good models can be redundant, and will not im-
prove performance when combined. A model that is poor in isolation can
be combined with models it is “distant” with, and improve significantly the
performance.

2.5 Information Measure on Features

A measure of the information contained in the features can be derived from
the global model information. For a given model m, define m, as the model
obtained by intersecting D with the hyperplane {f = z}. The conditional
information contained in m at point 2 can be defined as:

I (Clf =) = I, (C)

The information still available in the model after feature f has been ex-
ploited is thus:
Conditional Information

1€ln = [16clf =)ds

The difference between the information contained in the model before and
after exploiting the feature f is defined as the mutual information:
Mutual Information

M(C, f)=1I1(C)=I(C|f)

The mutual information is an indicator of how much information was
introduced in the model by using this feature. The less effective the input
feature f is in the original model, the closer the remaining information I (C|f)
is to the original information I (C), resulting in a lower mutual information.
The input features producing the highest mutual informations are the most
effective at reducing the total information contained in the model, and are
deemed more informative for the analysis.

In order to compare distinct models, the relative mutual information - or
information gain - is defined as:

Relative Mutual Information

g(caf)zi 6[051]

The mutual information between a model m and a feature f can also be
interpreted in terms of a divergence. Consider a model mg constructed by
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removing f from the feature set. The mutual information can be expressed
as:

M (C, f) = D (mllmo)

This means that evaluating the contribution of a feature to a model
amounts to measuring the divergence between the model when exploiting
and not exploiting the feature.

2.6 Linguistic Classes

Linguistic classes define subsets of a feature space with identical informational
content.

When such classes can be defined, conditioning the information on f = x
for any z in linguistic class L is equivalent to conditioning the information
on the class itself:

I(Clf=2)=I(C|f € L)

In general, computing the conditional information measure I (C|f) for
any feature f is not trivial. However, when there is a finite set £ of linguistic
classes for feature f, the computation can be simplified:

1¢ln = [ 1ls =)o
= I(C|feL)/ dx

LeL

=Y I(Clfel)n

LeLl

The term vg = fm <1, d is a prior on the belonging of feature z to linguis-
tic class L. Because outliers in the training data tend to induce their own
linguistic classes, it is important to consider this weighting, even when there
is no prior on the data in the probabilistic sense. For the purpose of down-
weighting outliers, the relative total membership in linguistic class L can be
used as a heuristic:

v = fDm{feL} pe () da
L=
fD 17¢] (ZE) d

3 Application to Fuzzy Rule Based Systems

Fuzzy rule-based systems represent linguistic associations using a superposi-
tion of unimodal membership functions that define a collection of fuzzy sets
over the feature space. As a consequence, mathematical treatment of these
rules translates into simple geometric manipulations.
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3.1 Geometric Interpretation

Computation of the various information measures is much simplified when
using a superposition of fuzzy rules as membership functions. The average
membership degree to the union and the intersection of fuzzy sets derives
from the min/max-definitions of intersection and union of fuzzy sets [1]:

(00) =5 [ren- £ vionos

i=1 j=i+1

If trapezoids are adopted as membership functions, the average member-
ship degree to each fuzzy subset C' can be computed from the trapezoid
height h and the coordinate vectors of its vertices in the n-dimensional input
space < a’, bt, ¢, d? >:

BT (di = af) +TT5- (¢ — )]

V(e = 2 [, dx

3.2 Linguistic Classes

Each intersection between trapezoids of different classes define a classification
boundary. The boundary is located at:

e the intersection of their sides, if trapezoids overlap only on the sides,
e the middle point of their cores, if they overlap in their core areas,
e the middle point between the trapezoids, if they do not overlap anywhere.

Owing to the geometry of the trapezoids, each of these boundaries is a
hyperplane orthogonal to one of the features in the feature set. The complete
set of intersections in the model defines a partition of the input space into
a finite collection of regions, each mapping a portion of the input space to a
given class (Figure 2).

The projection of these decision boundaries along input feature f leads
to the definition of a finite collection of thresholds that separate contiguous
classes along this dimension. This set of thresholds summarizes all the in-
formation the feature is providing to the classifier: in between two of these
thresholds, the membership association of the input is uniquely determined,
regardless of the actual value of the input along f. As a consequence, these
regions define linguistic classes as defined in Section 2.6.

The information content of each class can be computed directly by inter-
secting the domain D with the slice {f € L}, leading to an efficient algorithm
to compute the mutual information between the model and the input feature.

The constraint that the model only allows a finite set of decision bound-
aries orthogonal to a given feature is usually considered a limitation of such
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L

3 N '

L1 L X
Fig. 2. Example of 3 classes defining a partition of the input space into regions

separated by decision thresholds. Projected on the feature vectors, these decision
thresholds define a set of linguistic classes Li to L.

models, especially in high-dimensional spaces where natural clusters tend to
be sphere-shaped. Here, this property is the key to make the conditional
information computations tractable.

The algorithm [5,42] is as follows:

e Find all the k possible decision hyperplanes orthogonal to f
by inspection of the possible rule combinations!.
e Sort the hyperplanes by increasing order on f.
e For each of the k+1 linguistic classes L;
— Build the class model by intersecting the rule set with
Dn{feL}.
— Compute the linguistic class information I (C|f € L;).
e Average all the conditional informations into I (C|f).

e Compute the mutual information M (C,f).

4 Application to Feature Selection:
Classification of Phonetic Properties

4.1 Phonetic Properties

Phonetic properties have been used successfully in ASR [43,44], as well as in
speech synthesis [45-47], as intermediate targets for general speech modeling
and classification.

Each phone can be seen as the realization of a number of phonetic prop-
erties. A common example of such property is the distinction between vowels,
approzimants and consonants. Vowels in turn can be classified as high, mid
or low, depending on the position of their first formant on the spectrum. On

! Note that partial ordering of the rules in the feature space as a preprocessing
step can help discard irrelevant rule combinations.
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another dimension, they can be regarded as front, central or back, depending
on the place where the vowel articulation occurs. As many as 28 different
properties can be defined for American English phonemes.

Table 1. Example of characterization of phonetic units

anterior consonantal liquid sonorant voiced stop

/a/ n/a - - + -+ n/a
N+ + + + + -
/p/ + + 5 5 5 +

In order to describe a complete spoken utterance in terms of phonetic
properties, a silence class is also often introduced, broadening the definition
of a phone. A complete characterization of phonetic units from an acoustic
and articulatory perspective can be found in [48,49,37,38].

4.2 Speech Frame Classification

The goal of the experiments performed in this section is to binary classify
speech frames as belonging to each phonetic property class or not.

The training data consists of 20000 American English utterances, collected
over the telephone and sampled at 8 kHz. An additional 8000 utterances from
distinct speakers in distinct environments are used for testing. All data is bal-
anced by gender, microphone type and noise conditions. A speech recognizer
is used to align the utterances with the corresponding phones using Viterbi
alignments [50] on hand-labeled transcriptions (Figure 3). The phones are
themselves binary labeled depending on whether they belong or not to each
of the 29 phonetic classes that were defined?.

The signal is segmented into 10 ms frames. Each phonetic class is assigned
1000 frames for training, and 1000 frames for testing. 12 Mel Filter Cepstral
Coefficients (MFCC) [51] are extracted from the signal for each frame. A
39-dimensional input feature set - typical of ASR systems, is created from
the MFCC (Table 2). A fuzzy classifier [52] is trained on this feature set for
each of the binary classification tasks.

4.3 Feature Selection Based on Mutual Information

After the fuzzy models are trained on the available data and for each clas-
sification task, the resulting fuzzy models are analyzed in terms of relative
mutual information, as described in Section 2.5 and Section 3.

? Class definition by Corey Miller, synthesizing data from [37], [45] and [48]
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10ms frame —————————» Feature extraction

_—
\ \ \ \ \ \ \
sil Jal W dol il

Phonetic Alignments — Phonetic Properties

Fig. 3. Diagram of the signal processing involved: The signal is labeled phonetically
in order to derive the phonetic properties, and feature extraction is performed on
the signal frames to generate the inputs.

Table 2. MFCC feature vector structure

12 Cepstral Coefficients c1 to ci2
12 First Order Derivatives Oc1 to Oci2
12 Second Order Derivatives 0%c1 to 0%c12
1 Frame Energy Coefficient €

1 First Order Energy Derivative Oe

1 Second Order Energy Derivative 0%

The 39 input features are ranked according to their relative mutual infor-
mation. The input features with the lowest figure of merit are also the least
relevant for the fuzzy model. Although the information contained in a fea-
ture is computed with respect to a given model, it is expected to be a stable
measure of the feature discriminative quality for any model taking advantage
of it.

The most natural way to take advantage of the mutual information for
feature selection is to decide on a threshold below which the features are to
be discarded. This selection can be performed in several ways.

The most obvious criterion is to choose an absolute threshold in [0, 1]. The
value of the threshold is decided a priori. However, not all problems have the
same distribution of information across the input features, and not all sets of
fuzzy rules take advantage of the same input features. An absolute threshold
might penalize those systems in which the information is distributed across
many input features.

Another method involves defining the threshold as a proportion of the
maximum normalized mutual information value. In this way, only the features
with very low information with respect to the most informative ones will be
discarded.
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Finally, a last strategy consists of defining the threshold based on a per-
centile in the mutual information histogram. This method relies on the com-
plete distribution of the mutual information across features to base its deci-
sion, and can be expected to be more robust across variations in the mutual
information spread.

After removing the input features with normalized mutual information
value below the threshold, the fuzzy classifier is retrained with the remaining
input features to optimize its performance.

4.4 Speech vs. Silence

The first analyzed classification task consists of speech vs. silence detection.

Speech vs. silence discrimination is a much harder signal processing prob-
lem than one could suspect initially. The amount of variability characterizing
silence is much greater than for any other acoustic class. At the same time oral
stops such as /p/ and /b/ are mostly constituted of silence, and are charac-
terized mostly through their effects on neighboring phonetic units. Fricatives
such as /s/ and /ch/ have a broad spectrum very confusable with white noise,
especially in low bandwidth signal.

30 ‘ ‘
—— Error rate
Number of Fuzzy Rules (:20)

5 . . .
0 5 10 15 20 25 30 35 40

Dimensionality

Fig. 4. Effects of input dimensionality reduction on number of rules and accuracy:
speech vs. silence classification. The number of parameters (# rules X # dimen-
sions) is dramatically reduced while not degrading the classifier accuracy

A great proportion of a speech signal is made of silence, which makes the
correct recognition of silence very important for the good performance of an
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ASR system. For this reason the classification of speech and silence is a very
critical preliminary to any form of phonetic classification.

The classification error rate of the trained fuzzy model (Figure 4) is stable
up until 10 input features are left. As expected, the energy € is the predom-
inant feature in this task (g(e) = 0.63). Because long silence segments are
quite stationary, and because voiceless low-energy segments in the speech
signal tend to be intertwined with louder segments, the first energy deriva-
tive Je is also a very good indicator of the presence of speech (g(d¢) = 0.41).
Also in the highest scoring features are the lower cepstra ci, ca, cs3, ¢5, the
lower second derivatives 8%ci, 8%ca, 8%cs, and one first derivative dcg. Con-
versely, the worst performing features are consistently related to the higher
cepstra (cg, cg, ¢12, Oci; and 82%cyp).

4.5 Dental vs. Alveolar

Dental consonants are characterized by a constriction made against the upper
teeth (examples: /dh/ as in “the”, /f/), while for alveolars the constriction is
made against the alveolar ridge (example: /d/). Distinguishing between the
two classes can be quite difficult. Some strongly accented speakers sometimes
pronounce some alveolars as dentals.
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Fig. 5. Effects of input dimensionality reduction on number of rules and accuracy:
dental vs. alveolar. The dimensionality reduction is associated with a dramatic
improvement in accuracy
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As shown in Figure 5, the reduction in dimensionality leads to a dramatic
improvement in classification accuracy, due to the elimination of noisy and
otherwise uninformative features. The features selected are high cepstra cg,
ci1, and the energy derivatives de and 0%e.

4.6 Oral Stops vs. Consonants

The classification of oral stops against all other consonants is a demonstration
of the limitations of relying solely on the model to perform feature relevance
analysis. In this situation, the amount of variability within each class (9
distinct phones are stops, while 14 are not) is too much for the classifier to
handle given the amount of training data (Figure 6). The baseline error rate
is about 40% using all 39 input features, showing that the system was unable
to accurately learn the classification.
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Fig. 6. Effects of dimensionality reduction on number of rules and accuracy: oral
stops. The baseline model is extremely poor (about 40% error rate), and the analysis
fails to recognize that one feature (the energy) is critical to the classification, and
ranks it in 5*® position.

The analysis ranks the following features in the top 6 in decreasing order
of importance: g(c;) = 0.53, g(dc3) = 0.51, g(8%cg) = 0.50, g(0%cy) = 0.44,
9(0%€) = 0.42, g(€) = 0.41. As the error profile shows, this is inaccurate. With
energy € as a feature, the classifier performed at an error rate of about 40%.
However, without €, the error rate goes suddenly to 50%, which is as good as
chance. This means that all the better scoring features were irrelevant in the
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absence of €. Indeed, a model trained using the energy as sole feature still
gives an error rate of about 42%.

This experiment stresses the fact that relying on the model implies that
the model needs to be a good summary of the linguistic content in the data.
If the model is not adequate in the first place, the analysis might not be able
to distinguish limitations of the model from properties of the data.

Note that the total number of multidimensional rules in the model ap-
pears, in all the examples above, to be a reliable indicator of the perfor-
mance to expect from a model. While the number of rules barely grow as
non-meaningful dimensions are pruned out, it starts growing at a fast rate
when meaningful features begin to be eliminated, as evidenced by the in-
crease in error rate. This feature can be used as a trigger to determine when
a pruned model’s performance is to be questioned.

4.7 Threshold Selection

In feature selection, the choice of a threshold determines the tradeoff between
input dimensionality reduction and error rate. The problem is to be able to
determine the appropriate threshold directly from the mutual information of
the different features, without having to retrain models.

Several selection strategies can be considered:

1. set a hard threshold on the mutual information,
. set a threshold relative to the highest mutual information in the model,
3. set a threshold based on percentile in the mutual information histogram.

no

When the error rates at all the possible thresholds are known, it is possible
to pick the most adequate one by manual inspection of the tradeoff curves,
and label the features as informative or not.

Figure 7 compares the three automated strategies in terms of precision
and recall against selection of the threshold by visual inspection:

e recall measures the percentage of the informative features that were se-
lected by a given strategy,

e precision measures what percentage of the selected features were actually
informative, according to the manually selected threshold.

Were the selection to be optimal, both these statistics would be at 100%.

Strategy 3 outperforms slightly strategies 1 and 2. Setting a hard thresh-
old on the mutual information is brittle, since it doesn’t prevent the system
from having no feature selected at all. Simply normalizing the mutual infor-
mation spread fixes only that issue, without improving the selectivity. On the
other hand, taking advantage of the complete distribution of the mutual in-
formation across features is robust to any kind of mutual information spread
and provides a practical metric for an automatic tuning of the threshold.
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Fig. 7. Precision and recall of 3 automated threshold selection strategies, averaged
across the 29 classification tasks. The optimal tradeoff lies at the upper right corner
of the graph. The best method uses a feature selection threshold based on the
histogram of the mutual information across all features.

4.8 Results

Figure 8 shows the average accuracy of the classifier when a global percentile
threshold is used across all classification tasks.
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Fig. 8. Error rate vs. dimensionality across the 29 classification tasks (left). The
dimensionality reduction corresponds to a threshold selection based on a percentile
of the mutual information across all features (right).

The overall dimensionality can be divided by 4 on average across the 29
tasks with less than 1% loss in accuracy, by selecting the 50% percentile in the
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mutual information histogram. The average number of scalar parameters in
the models goes from 3274 down to 1031, i.e. a 68% reduction in complexity.

Globally, no feature is consistently deemed irrelevant across all classifi-
cation tasks. The average normalized mutual information for all features is
0.2 £ 0.05, which indicates that on average all features are relevant to the
task. This conclusion is supported by the very widespread use made of these
features across the ASR community. In noise-free environments for example,
information contained in the first and second order derivatives is of great
importance, because it compensates for a lack of temporal structure inherent
to the typical Hidden Markov Models [53] that are generally used. On the
other hand, derivatives, especially of the higher cepstra, are also the most
subject to distortion by noise, downgrading their relative importance in very
noisy environments.

5 Conclusion

Information theory provides an extensive set of tools aimed at the meta-
analysis of models. These tools operate on the model parameters rather than
on the data directly. This leads to efficient and robust algorithms describing
the information flow from features to output classes. In many situations, such
indirect methods are preferable to the direct analysis of the data, especially
when it comes to evaluating the relevance of a large number of parameters
governing a classification model.

In this chapter, a figure of merit for feature relevance, based on a fuzzy
classification of the input space, was presented. Due to the low computational
load of fuzzy systems, the information contained in a set of fuzzy rules can
easily be quantified. This figure of merit is based on an estimation of the
mutual information, measured as a difference between the information con-
tained in the fuzzy model before and after a given input feature is used for
classification.

A feature selection algorithm is implemented, which ranks input features
according to their mutual information, and discards all features deemed ir-
relevant by a threshold criterion. Several strategies are investigated to define
the optimal threshold for this feature selection process. The best criterion
is based on discarding all features above a given percentile in the mutual
information histogram across inputs.

The feature selection algorithm is shown to perform well on challenging
real data in high dimensions. In particular, it has been used to evaluate the
contribution of commonly used speech input features to the classification
of speech segments into phonetic properties, achieving an average fourfold
reduction in the dimensionality with minimal accuracy cost. Future work
includes benchmarking its performance against alternative feature selection
techniques on similar data.
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