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Figure 21.Relative improvement in word error rate for segments from Broadcast News Hub 4, fo-

cus condition F0, with different number of vowels. Normalization performed using an affine warp-

ing function fitting the minimal points and the medians of F1, F2, and F3 with equal weights.90

Figure 22.Relative improvement in word error rate for segments from Broadcast News Hub 4, fo-

cus condition F1, with different number of vowels. Normalization performed using an affine warp-

ing function fitting the minimal points and the medians of F1, F2, and F3 with equal weights.90
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Figure 23.Distribution of segment duration for focus conditions F0 and F1 on Hub 4. Only seg-

ments shorter than 20 seconds are included.  .   .   .   .   .   .   .   .   .   .   .   .   .   .   .   .   .   .   .   .97



Abstract

Speaker-dependent automatic speech recognition systems are known to outperform speaker-inde-

pendent systems when enough data are available for training to overcome the variability of acous-

tical properties among speakers. Speaker normalization techniques modify the spectral

representation of incoming speech waveforms in an attempt to reduce variability between speak-

ers.

While a number of recent successful speaker normalization algorithms have incorporated speaker-

specific frequency warping to the initial signal processing, these algorithms do not make extensive

use of acoustic features contained in the incoming speech.

In this work we study the possible benefits of the use of acoustic features that are believed to be

key to speech perception in speaker normalization algorithms using frequency warping. We study

the extent to which the use of such features, including specifically the first three formant frequen-

cies, can improve recognition accuracy and reduce computational complexity for speaker normal-

ization compared to conventional techniques.  We examine the characteristics and limitations of

several types of feature sets and warping functions as we compare to their performance relative to

that of existing algorithms.

We have found that the specific shape of the warping function appears to be irrelevant in terms of

improvement in recognition accuracy. The use of a linear function, the simplest choice, allowed us

to employ linear regression to define which features to use and how to weigh them. We present a

method that finds the optimal set of weights for a set of speakers given the slope of the best warp-

ing function. Selection of a limited subset of features for use is a special case of this method where

the weights are restricted to one or zero.

The application of our speaker normalization algorithm on the ARPA Resource Management task

resulted in sizable improvements compared to previous techniques. Speaker normalization applied

to the ARPA Wall Street Journal (WSJ) and Broadcast News (Hub 4) tasks resulted in more mod-

est improvements.  We have investigated the possible causes of this. Our experiments indicate that
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normalization is less effective with a larger number of speakers presumably because in this case

the output probability densities of HMMs tend to be broader and hence representative of a large

class of speakers. In addition to this, increasing the vocabulary size tends to increase the search

space, causing correct hypotheses to be replaced by errorful ones. The benefit brought about by

normalization is thus diluted.

The amount of improvement provided by normalization also increases with increasing sentence

duration in Hub 4. Since the actual Hub 4 contains a large number of short segments, the normal-

ization provides a more limited improvement in performance.
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Chapter 1
Intr oduction

We present a method of speaker normalization accomplished by a transformation of the frequency

axis based on speaker specific acoustic features. Speaker normalization attempts to increase

speech recognition accuracy by reducing speaker variability.

Speaker dependent systems are known to outperform speaker independent ones when enough

training data are available. Speaker variability seems to account for much of this difference. Thus,

reducing this variability can decrease this difference in performance.

Speaker variability appears for different reasons. We can point out extrinsic reasons, which have to

do with external influences like a speaker’s cultural background, emotional state, etc., and intrinsic

reasons, which have to do with physiological differences between speakers such as differences in

shapes and sizes of components of the vocal tract.

A clear effect of the differences in vocal tract components shows up in the locations of formants.

Formants are the peaks of the envelope of the spectrum. Physically, they correspond to resonances

of the vocal tract. Previous work [19] has shown that there is a correlation between the position of

the formants and vocal tract length. Therefore, speaker normalization through a vocal tract length-

dependent transformation of the frequency axis should yield formants which have less variability.

Furthermore, for some phonemes this dependency between formants and vocal tract length seemed

to be linear, suggesting a scaling of the frequency axis would be a good solution as a normalization

technique. For some phonemes though the relation does not seem to be linear, suggesting that

other transformations or “warping” of the frequency axis should be attempted.

Previous attempts in vocal tract length normalization [14][40][73] have mostly relied upon a “trial

and error” approach: the algorithm tests several “solutions” for the warping function and picks the

one producing the best results. Although these techniques have been motivated by the desire to

compensate for differences in the vocal tract length, there is no clear relation between the warping



Chapter 1. Introduction 2

function chosen for a speaker and this speaker’s acoustic characteristics.

Other work has relied upon speaker specific acoustic features, but with constraints placed on the

shape of the warping function taking into account acoustic production arguments. The choice of

warping function is limited by the assumed model. not by speaker specific features.

In this work we examine the feasibility of speaker normalization by a mapping directly between a

new speaker’s and a standard speaker’s formants. In general, we separately consider two aspects of

the warping function that maps one speaker to another: its shape and, given a shape, the parameters

that define it. In our work, we select points which will define the warping function, and find a

curve that will fit those points according to any chosen criterion. This framework allows us com-

plete freedom in the choice of the shape of the warping function, as well as in the acoustic features

which will define the warping function.

We study some of the choices for the selection of points that define the warping function, as well

as the interpolation curve. We study the benefits brought about by each feature separately, and pro-

pose a method to determine their relative importance when used conjunctively. These methods are

direct applications of extensions to the linear regression technique.

When fast adaptation is needed and the computational cost of the estimation of formants is unac-

ceptable, it is worthwhile to categorize speakers into classes. We examine the simple case where

speakers are classified according to their gender.

Our normalization technique is sensitive to errors in the estimation of formants. Ideally, these

should be estimated from a large amount of speech recorded over close-talking microphones in

quiet environments. Situations arising from deviations of this paradigm make the estimation of for-

mants less reliable, and might bias features extracted from these estimates thus causing a degrada-

tion on the performance of the normalization technique. Estimation of formants is beyond the

scope of this thesis. However we study some conditions where we know the formant estimation
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will be less than ideal. We perform experiments where estimation of formants is performed on

speech bandlimited by a telephone channel. In addition, we study cases where we limit the amount

of speech from which we estimate formants and attempt to assess the effect of looser constraints in

databases, namely databases with larger vocabularies and databases including spontaneous speech.

This thesis is organized as follows. In Chapter 2 we review basic concepts relevant to this work,

including formants and their estimation, and we review speaker normalization techniques which

employ warping functions. In Chapter 3 we present a brief overview of Sphinx-3, the recognition

engine used throughout this thesis, and a description of the databases we employed. In Chapter 4,

we present our speaker normalization algorithm, together with important topics related to it.

Among these topics, we point out a study of possible shapes of warping function, a study of the

criteria for selection and weighing of features that define the warping function, a comparison

between gender generic normalized models and gender specific models, and a study of the effect in

performance of telephone-like channel. In Chapter 5 we present comparisons of the normalization

technique applied to different databases and attempt to assess reasons for differences in perfor-

mance. Among the reasons, we study the influence of a limited amount of data and the influence of

database size, both in terms of vocabulary size and number of speakers. Finally, in Chapter 6 we

our present conclusions and suggestions for future work.
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Chapter 2
Review of Basic Concepts and Speaker Normalization

and Adaptation Techniques

2.1. Introduction

Speech from different speakers will sound differently due to factors that can be classified as both

“extrinsic” and “intrinsic” [19]. Extrinsic factors are those that were learned by the individual,

based on primarily cultural or emotional factors. They depend on cultural characteristics such as

the environment where one grew up and the level of education attained, and emotional factors such

as speech rate, and how angry or happy or nervous one is.

Intrinsic factors, on the other hand, are anatomically related. Those reasons would exist no matter

what the particular individual circumstances would be. These factors are a consequence of varia-

tions in size and shape of the components of the vocal tract. These variations lead to changes in the

resonance characteristics of the vocal tract. Formants, which are the peaks of the spectral envelop,

are related to the resonances of the vocal tract, and will therefore be affected by the intrinsic fac-

tors.

Speech recognition is basically a pattern classification problem. Given a speech observation vec-

tor, we try to identify the phonemes occurring in the observation, or at least we try to identify the

class of phonemes to which the observation belongs. This is an intrinsically difficult problem. The

variability of spectral shapes, even for the same phoneme, makes the classification problem more

difficult for two reasons. First, the variability for the same phoneme makes this class more spread

out; second, since different phonemes uttered by different speakers typically have similar for-

mants, the classes tend to overlap.

Speaker adaptation and normalization techniques attempt to reduce the effects of speaker variabil-

ity on the performance of speech recognition systems. The techniques to cope with this variability,

of course, depend on the technology being employed.
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Most state-of-the-art speech recognition systems [12][28][70] make use of Hidden Markov Mod-

els (HMMs)[7] as a convenient statistical representation of speech. One way to account for the

effects of speaker variability is to modify these models. “Model transformations” [22][41] are

attempts to map output distributions of HMMs to a new set of distributions so as to make them a

better statistical representation of a new speaker.

The other most common way to cope with the problem of speaker variability, which is the focus of

this thesis, is to modify features of the incoming waveforms in either the spectral or cepstral

domain. These changes aim at mapping spectra (or cepstra) so as to diminish interspeaker differ-

ences, so that a phoneme uttered by different speakers will have a characterization as close as pos-

sible to a standard.

Regardless of whether parameters of the internal HMMs or the incoming features are being modi-

fied, the mapping can be thought of as mapping within a space, for example, the space of Gaussian

mixtures, in the case of HMMs. Speaker adaptation and normalization techniques can be charac-

terized by what the space in which the mapping takes place, and how this mapping occurs. For

example, approaches for mapping between distributions of HMMs or between spectra or cepstra

differ.

The mapping of spectra is usually achieved by a warping of the frequency axis. As mentioned pre-

viously, differences in vocal tract dimensions will cause differences in spectra, even when the

speakers are producing a sound that we perceive as the same phoneme. The warping of the fre-

quency axis is an attempt to modify spectra so that the distance between the spectra of sounds per-

ceived as the same phoneme is smaller. “Distance” might have several meanings. It could simply

be the average squared difference, or it could be the average distance between formant frequencies.

The definition of distance may yield different optimization criteria on the choice of the warping

function.



Chapter 2. Review of Basic Concepts and Speaker Normalization and Adaptation Techniques 6

A natural issue is the choice of the warping function, which specifies the relationship between the

frequency axis used to represent spectra produced by the “standard” speaker and the frequency

axis describing the spectral productions of a new speaker.

Methods that perform mapping of output distributions of HMMs are very flexible, and they can

provide for compensation not only for speaker variability, but also for different environmental con-

ditions. They are usually very computationally expensive, though, which renders them unsuitable

for when there is a need for rapid adaptation.

Warping functions are not as likely to be useful in dealing with environmental effects, since the

most common environmental degradations are typically modeled as a linear filter followed by

additive noise applied to the original “clean” speech signal. In general, the types of compensation

approaches that have been the most useful for environmental degradation are not likely to be help-

ful in counteracting the effects of frequency warping (and vice-versa) because of the very different

nature of the types of distortions introduced.

In the following, we present a review of the concept of formants and of the difficulties involved in

their estimation, followed by a review of techniques to perform speaker normalization of parame-

ters derived from the incoming speech waveforms. We conclude the chapter with some remarks

regarding the effects of these speaker normalization on formants.

2.2. Formant fr equencies

A well accepted model of speech production characterizes the vocal tract as a tube or concatena-

tion of tubes of varying cross sectional area [61]. The most energy will be transferred between the

excitation and the output at the resonant frequencies of this resonance tube model. These resonant

frequencies are the so called formant frequencies of the speech signal. As they correspond to high

energy regions of the spectrum, the formant frequencies can be identified by the peaks of the spec-

tral envelope.
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Rabiner and Juang [61] point out that although vowels have very low relevance for recognition of

written text, most practical speech recognition systems rely heavily on vowel recognition for high

performance. If we remove vowels from a text, the average reader can easily figure out what the

original text was. If we remove the consonants, the task is a lot more difficult to accomplish. On

the other hand, when it comes to acoustic signals, vowels are more easily and reliably recognized

because they are produced by exciting an essentially static vocal tract shape with a quasi-periodic

excitation signal. They are usually long in duration and spectrally well defined.

From a pattern recognition point of view, it becomes relevant whether vowels’ formants can be

easily clustered. Peterson and Barney [58] carefully measured formants of vowel utterances from

several speakers, and found out that measurements of formants of different vowels tend to cluster,

although with some overlap between clusters. The centroids of these clusters can be represented in

the so called “vowel triangle”, which is depicted on Figure 1.

2.3. Formant fr equency estimation

Although the definition of formants is straightforward and the physical concept of formants is easy

to understand, the estimation of formants given an utterance can be problematic. Estimation on a

frame-by-frame basis is errorful. Moreover, formants are related to the position of the components

of the vocal tract, which determine the characteristics of the vocal tract as a resonance cavity.

Changes of position cannot occur suddenly because of mechanical limitations of the vocal tract.

This imposes a continuity constraint on the formant track.
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Figure 1.Centroids of clusters of common vowels defining the “vowel triangle”.
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The estimation of formants on a frame-by-frame basis is usually accomplished by finding some

smoothed approximation of the spectrum, for example, by LPC or cepstral analysis, and then

locating the peaks on this envelope. Among the difficulties one might encounter when estimating

formants on a frame-by-frame basis [56], we can point out:

• Spurious peaks: the process of finding the spectrum might lead to spurious peaks. For exam-

ple, if one uses LPC analysis to find the spectrum envelope, the order of analysis is usually

bigger than necessary to provide for flexibility . These extra poles might yield more peaks than

the real ones.

• Blending: two peaks might be so close together that they actually get merged into one during

the peak-finding process.

• High-pitched speech: Makhoul [46] has shown that in this kind of speech LPC envelope peaks

tend to be drawn away from their true values towards the harmonic peaks, which are more

widely spaced in this case.

For each frame, formant trackers find a smoothed approximation of the spectrum and locate peaks

on this approximation. The first  peaks are assigned to the first formants, thus producing

formant tracks. These tracks however are not necessarily smooth due to errors in the combination

of the spectrum estimation and the peak finding process.

One possible way to cope with errors in the peak finding process is to use a tracking algorithm, in

which one predicts a range of possible values for the estimates, and rejects values out of that range.

This technique is prone to errors itself, because bad judgements will propagate. Besides, it

assumes that all transitions will be smooth, and this is not always the case with speech.

A better approach would be to post-process the formant tracks, so that obvious outliers can be

eliminated. The simplest idea is a moving average, where a weighted average is computed on the

values of a sliding window. This has the effect of smoothing the sequence of estimates, maybe

more than we want. The transition is important in some processes in speech, and smoothing is not

desirable in these circumstances.

N N N



Chapter 2. Review of Basic Concepts and Speaker Normalization and Adaptation Techniques 9

A possible alternative is the use of a median smoothing, where the median of values in a sliding

window is computed instead of an average. This has the benefit of preserving most of the real dis-

continuities while being less affected by the presence of outliers.

A more sophisticated way to cope with outliers employs dynamic programming. The basic idea is

that a cost is associated with every transition, and the path which leads to the minimum cost is cho-

sen as the formant track. The solution is provided though a Viterbi search algorithm.

Formant tracking is beyond the scope of this thesis. In our experiments, we employ Waves+ [18],

which finds candidates for formants by finding roots of the LPC polynomial and then performing

formant track smoothing by dynamic programming. This state of the art formant tracker provides

reliable estimates of formants.

2.4. Review of speaker normalization techniques

2.4.1 Normalization using warping functions

Warping functions are an attempt at mapping between spectra of two speakers so as to decrease

systematic variations. Therefore, a warping function in the context of speaker normalization is a

function mapping two spectra. If we intend to map the spectrum  to the spectrum  we

can use a function  so that

(1)

The effect of the function  will be an expansion or compression of the spectrum

depending on whether the first derivative of , , is bigger or smaller than the unit. Figure 2

illustrates these effects. Notice that the general shape of the original spectrum does not

X ω( ) Y ω( )

f ω( )

Ŷ ω( ) X f ω( )( )=

f ω( ) X ω( )

f f ' ω( )
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change.

The important issues when examining normalization techniques are the choice of warping function

and how it is selected. A very popular choice of warping function, appealing for its simplicity, is

the linear function. Other common choices are curves based on speech perception studies, such as

the bilinear transform or transforms based on the mel scale, along with curves based on speech

production models. The selection of warping function is sometimes based on maximization of

likelihood, and sometimes based directly on speaker specific parameters. In the following sections,

we present some of the relevant normalization techniques that have been investigated.
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2.4.2 Selection based on maximization of likelihood

In a seminal study, Cohenet al. [14] proposed a frequency-warping scheme in which the warping

function for a given speaker is iteratively chosen as the one which maximizes the likelihood of the

hypothesis transcription at the output of the decoder. This criterion takes into account everything

that is involved in the process of recognizing speech, and guarantees that the selected warping

function will be optimal for the decoder being employed.

In the training phase, the training set is split in two sets, training (T) and aligning (A). HMMs are

created with T, and the best warping function is chosen for every element of A using these models.

Then, with utterances in A warped according to this selection, T and A are interchanged, and new

models are created. This process (training, selection, interchanging) is iterated until convergence is

achieved, that is, until the warping function chosen for each speaker remains the same. In the test-

ing phase, each sentence is warped using all warping functions, and decoded. The output with

highest likelihood is chosen as the decoded output. While the warping function used by Cohenet

al. was a linear function,i.e., a linear scaling of the frequency axis, the general approach could in

principle be applied to warping functions of any shape.

A significant disadvantage of this general approach is that running a decoder multiple times is

extremely computationally costly. A number of similar studies followed that of Cohenet al., and

most of them proposed faster alternatives to selection based on decoder output. For example, Weg-

mannet al. [73] proposed an algorithm where the warping function for a particular speaker is cho-

sen from a set of warping functions, based on maximization of likelihoods associated with a

Gaussian mixture model that statistically represents the standard speaker. The shape of the warp-

ing functions proposed by Wegmannet al.corresponds to two straight lines whose point of inter-

section varies. Specifically, they define a straight line going through the origin and another straight

line going through the point defined by the Nyquist frequency in both axes. (In their experiments

the Nyquist frequency was 4 kHz.) The first line has a slope between 0.88 and 1.12, to account for

variations in vocal tract length around 12%. The two lines intercept at 3500 Hz (see Figure 3).



Chapter 2. Review of Basic Concepts and Speaker Normalization and Adaptation Techniques 12

We implemented a version of the algorithm of Wegmannet al. [26], but we used a warping curve

derived from the mel scale. The mel scale is motivated by psychophysical studies that show that

human perception of frequency content does not follow a linear scale. A reference frequency is

chosen, and the subjective pitch values are obtained as the ones perceived as half or twice the per-

ceived pitch of the reference. The original Mel scale [70] was developed to represent the spectral

resolution of the auditory system as a function of frequency. In our implementation, we approxi-

mated it by a curve that is linear up to a certain frequency and logarithmic afterwards. Varying this

frequency, we obtain different warping functions (see Figure 4).

The first step in our implementation consists of an iterative derivation of the Gaussian mixture
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model. At each step in this iteration, we first compute the Gaussian mixture model for the proto-

type speaker and then find the optimal warping function for each speaker. This optimal warping

function is chosen to be the one that maximizes the a posteriori log-likelihood computed using this

Gaussian mixture model. After choosing the optimal warping function for all speakers in the set,

we re-compute the Gaussian mixture model, find new optimal warping functions based on the new

Gaussian mixture model, and proceed in this manner until convergence is achieved. Convergence

in this case means that for consecutive iterations the same optimal warping function is chosen for

every speaker.

The second step of the implementation concerns the derivation of speaker-normalized HMMs

from the optimally-warped training set. The training steps of our implementation consist of the

iterative derivation of the Gaussian mixture model and the derivation of the HMMs. During recog-

nition, the best warping function is obtained for each new speaker in the same manner that is

derived for the utterances in the training set and the warped utterances are recognized using the

previously-derived HMMs.

This scheme does not presume any particular shape of warping function. In fact, we also imple-

mented this normalization method using linear warping functions, as opposed to the piecewise lin-

ear functions used by Wegmannet al. or the nonlinear function of our implementation.

Lee and Rose [40] propose a method similar to both methods mentioned above. The training phase

is exactly the same as Cohen and his colleagues’ work. A linear warping function is iteratively

selected for every speaker in the training set, according to a maximization of likelihood at the out-

put of the decoder. The test phase, on the other hand, resembles Wegmann’s approach. Instead of

using only one Gaussian mixture to represent the standard speaker, though, they createN Gaussian

mixture models for a set ofN warping functions. They create the Gaussian mixture model using

the unwarped utterances for which the best warping function is the -th. This approach precludes

the need to warp utterances in the test set in order to select the warping function.

i

i
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An alternative to the previous selection criteria, which nonetheless involves a large computational

load, was proposed by Fukada and Sagisaka [20]. They accomplish a time-varying warping of the

frequency axis. Other algorithms define a speaker specific warping function which remains con-

stant throughout the utterance. In their proposed method, the warping function is chosen not at

front end level, but at training and decoding level. Successful state of the art speech recognition

systems model speech use Hidden Markov Models. An utterance can be modeled as a path on a

two-dimensional space defined by the time or frame index on one axis and by the HMM state on

the other. Fukada and Sagisaka define a three dimensional space, where the third dimension varies

with the warping function, or, more precisely, with a parameter defining the warping function. This

parameter could be, for example, the slope of a linear curve, or, as in their paper, the  parameter

of a bilinear transform.

The decoding, usually performed with the Viterbi algorithm, employs a modified Viterbi search,

which takes into account transition probabilities on the warping function parameter dimension.

This has the advantage over the previous methods that only one pass of recognition is enough to

simultaneously find the best recognition hypothesis and to find the best warping function, or, more

appropriately, the best sequence of warping functions.

Among the drawbacks of these methods is the requirement for a finite number of warping func-

tions. Moreover, we need to compute features (such as cepstra) for all speakers, for all warping

functions, and all these data need to be available at the time the warping functions for each speaker

are selected. This means that if, for example, one out of 10 warping functions is to be chosen, we

will need to compute the features 10 times.

2.4.3 Selection based on speaker-specific acoustic parameters

Eide and Gish [17] described a study in which measures of formants are used directly to perform

speaker normalization. They devised an algorithm for normalization where the spectra of wave-

forms would undergo warping. The warping function chosen by Eide and Gish was:

α
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(2)

where  is the median of the speaker’s third formant (F3) over a set of frames, divided by the

median of F3 taken across the set of training speakers. Figure 5 shows this function for two differ-

ent values of .

This choice of warping function was motivated by resonance tube models of speech production

[19]. Tube dimensions and configurations would differ for each phoneme being produced, and

therefore the dependence of resonance frequencies on tube lengths would change. Imagine that all

dimensions in a model are changed by a factor of . So, for example, the length goes from to .

For some phonemes, this change would produce a change by a factor of  in the resonance fre-

quencies. For other phonemes, with different models, this change would cause a change by a factor

of  in resonance frequencies. Eide and Gish chose a function that represents a compromise

among all dependencies.

Eide and Gish do not elaborate on why they chose the third formant rather than some other feature.

However, Claeset al. [13] point out that the third formant is the one with least variation across dif-

ferent phonemes. Therefore, its estimation is statistically more robust.
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This same point is raised by Zhan and Westphal [77]. They extend Eide and Gish’s work and per-

form normalization using the same kind of warping function but estimating the parameter  in

equation (2) also from the first and second formants. Moreover, they compare this particular shape

of function with linear functions obtained with the same parameter. Their results show that for a

nonlinear warping function the first and third formant are equally helpful, although for the linear

case the first formant seems to be most helpful. However, they conclude that a maximum likeli-

hood approach, based on an exhaustive search over a grid of values, brings about the best perfor-

mance.

Lin and Che [43] described a rather different approach. Using an articulatory speech synthesizer,

they observed that changes in vocal tract length have the same effect on the computed values of

cepstra as the computation of cepstra using just a limited range of the spectrum. They came to this

conclusion by synthesizing the same utterance with different vocal tract lengths, computing cep-

stra, and then comparing these cepstra to the ones computed from “truncated” spectra. Lin and Che

proposed a method in which, instead of computing cepstra from a DFT using the whole frequency

range from 0 to the Nyquist frequency, they use just the range from 0 to a lower end frequency .

This corresponds to a linear scaling of the frequency axis. The end frequency assigned to a partic-

ular speaker is presumed to depend on the vocal tract length. Lin and Che suggest that if the vocal

tract length is , then . If the vocal tract length is not available, they proposed

that several different end frequencies be tried in parallel, and that the speaker-specific end fre-

quency that yields the greatest likelihood be chosen.

Lincoln et al. [44] came up with a different approach that resembles the work developed in this

thesis in some ways. They used the TIMIT database, which is segmented and labeled according to

the beginning and ending of each phonemic segment. They used the time-labeled phonemes in the

database to develop an algorithm that takes advantage of classes of phonemes. Use of a non-seg-

mented database would require an expensive preprocessing to perform automatic segmentation.

ks

Fe

l lFe constant=
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In their method, the normalization of the training data works in two stages. In the first stage, esti-

mates for the first and second formants (F1 and F2) are made for each frame of each vowel seg-

ment in the data. They assume a Gaussian distribution for each formant for each vowel class and

estimate its parameters. In the second stage, which is also the only stage of the normalization of

the test data, the estimates of the two formants for each frame, together with the estimated distribu-

tions, are used to compute a normalization factor  for each frame:

(3)

where  and  are the estimates of the first and second formant for frame, and  and  are

the Gaussian distributions for F1 and F2, with means  and  and variances  and ,

respectively. The closed form solution for  is:

(4)

These frame based normalization factors are then combined into an overall normalization factor

 for each speaker :

(5)

where  is the number of vowel frames for speaker .

It is interesting to notice that the solution provided by Equation 4 is exactly the solution obtained

when fitting the points defined by the means of F1 and F2 with a linear function using the least

squares formulation presented in Appendix A.

2.4.4 Warping functions in the cepstral domain

Motivated by previous works that used a bilinear transform to mimic the nonlinear characteristics
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of human speech perception, Acero [1] proposed a method for warping in the cepstral domain

using a bilinear transform. The bilinear transform is a mapping in the complex plane which maps

the unit circle onto itself through the relation:

(6)

In the general case, taking the above equation into account, we can relate the unwarped and the

warped cepstra by:

(7)

where  is a matrix which depends on. It can be shown that if  is small and we neglect

higher powers of , the relation above can be expressed as:

(8)

Acero selected the  by minimizing the overall VQ distortion of the cepstral vector.

Zahorian and Jagharghi [75] presented a technique for normalization in the cepstral domain which

is an extension of the idea of warping function to this domain. They proposed the use of a polyno-

mial of the form

(9)

as the warping function, where  corresponds to each cepstral coefficient before warping, and ,

after warping. The coefficients were chosen to minimize the squared error between the normalized

cepstra and a target cepstra over an utterance. The target was chosen as the speaker closest to the

average of all speakers. The concept of the standard speaker as a single real speaker who is closest

to the average is an interesting alternative to just averaging.

2.5. Effects of normalization on formants

In this section, we present some results showing the expected formant-related effects caused by

normalization techniques. These results were obtained using a linear warping function, as detailed

in [25]. Results presented in this section are supposed to be considered typical among normaliza-
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tion techniques, not a special case of the cited implementation.

2.5.1 Effects related to gender

Females usually have vocal tracts with smaller dimension than males. Therefore, a female’s for-

mants are usually higher than a male’s formants. We would expect that a reasonable normalization

would cause a female’s formants to get compressed in the process, while a male’s formants are

expected to be expanded, so that they come closer together. Compression, as mentioned previ-

ously, can be achieved by a warping function that is a straight line with a slope less than one, and

expansion, with a slope greater than one.

Figure 6 shows histograms of slopes of a set of speaker-specific linear warping function separated

by gender. We note that the clusters separate well by genders, and that the dependence of slope on

gender is as expected.

2.5.2 Effects on clusters of vowels

The recognition process is ultimately a pattern recognition problem. Given an observation, we aim

to label it as belonging to a particular class, which could be a phoneme, word, etc. We expect a

normalization algorithm to modify the spatial distribution of observations so that clusters result

more easily identifiable. Figure 7 represents a replotting of the data collected by Peterson and Bar-

ney [58], who collected vowels uttered by around sixty speakers, each speaker repeating each of

ten vowels twice, and estimated formants from these data. Figure 8 represents the same data after

slope
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Figure 6.Distribution of slopes according to gender. These are the slopes of a linear warp-
ing function obtained according to Gouvêa and Stern [25].



Chapter 2. Review of Basic Concepts and Speaker Normalization and Adaptation Techniques 20

performing normalization. For clarity’s sake, we plotted just three of those vowels in figures 7 and

8. These three vowels are the vowels that define the “vowel triangle” proposed by Peterson and

Barney.

The Fisher ratio [16], which is the ratio of the variance of the means divided by the means of the

variances across several different clusters, is a commonly-used measure of cluster separation rela-

tive to intrinsic cluster variability. For the data replotted in Figures 7 and 8, the Fisher ratio of the

clusters before normalization is 12; after normalization the Fisher ratio increases to 29. Therefore,

from a pattern recognition perspective, the transformation is making the classes more compact and

farther apart, which would provide greater classification accuracy.

2.6. Speaker adaptation with maximum likelihood linear regression

The focus of this work is on speaker normalization. However, we present here a brief review of one
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Figure 7.Formants of the phonemes /AA/, /IY/, and /UW/ before normalization. Data col-
lected by Peterson and Barney.

IY
IYIYIYIY
IY
IYIYIYIYIY
IYIYIYIY
IYIYIYIYIYIYIYIY
IYIYIYIYIYIYIYIY
IYIYIYIYIYIYIY
IYIYIYIYIY
IYIY
IYIYIYIYIY
IYIYIYIYIY
IY
IYIYIYIYIY
IYIYIYIYIYIY
IYIYIYIY
IY
IYIYIYIY
IYIY
IYIYIYIYIYIYIYIYIYIYIY
IYIY
IY
IYIYIY
IY
IYIY
IY
IYIYIY
IYIYIYIYIYIYIYIY
IYIYIYIYIYIYIYIYIYIYIYIY

AA AAAAAAAAAAAAAAAAAAAAAA
AAAAAA
AAAA
AA
AAAAAAAAAAAAAAAAAAAAAAAAAA
AAAAAAAAAAAAAAAAAAAA
AA
AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
AAAAAA
AAAAAAAA
AAAAAAAAAAAAAAAAAAAAAAAA
AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
AAAAAAAA
AA
AAAAAAAAAAAAAAAAAA
AA
AAAAAAAAAAAAAAAA

AAAAAA

UW
UW

UW
UWUW
UW
UW
UW
UW
UWUWUW
UWUWUWUW
UWUWUW
UWUW
UW
UWUW
UWUWUWUW
UWUWUW
UW
UWUWUWUW
UWUWUW
UWUWUWUWUWUWUW
UWUW
UWUW
UW

UW
UW
UWUWUW
UW
UW

UWUW

UWUWUWUWUWUW
UW
UW
UW
UW
UWUW
UWUW
UWUW
UWUWUW
UWUW
UW
UW
UW
UW
UWUW

UW
UWUWUWUWUW
UW
UWUWUWUWUWUWUW
UWUW
UW
UWUW
UWUW
UWUW
UWUW
UWUWUW
UWUW
UW
UWUWUWUW

F1 (kHz)
0.2 0.4 0.6 0.8 1.0 1.2

F
2 

(k
H

z)

0.5

1.0

1.5

2.0

2.5

3.0

3.5

0.0

Figure 8.Formants of the phonemes /AA/, /IY/, and /UW/ after normalization. Data col-
lected by Peterson and Barney.
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common speaker adaptation technique as an example of an alternative approach to reducing

speaker variability.

Speaker adaptation is usually understood as the modification of output distributions of HMMs so

as to better match a speaker’s characteristics. A very common technique is the Maximum Likeli-

hood Linear Regression (MLLR) [41].

MLLR attempts to modify mean vectors of the output distributions so as to maximize the likeli-

hood of the observed data from a new speaker, that is, the mean vector of the output probability

distribution of the adapted models are given by:

(10)

where  is an  matrix, , , and  are  dimensional vectors, and  and  are

found through a maximum likelihood approach.

No restriction is imposed in the matrix or the vector , thus rendering this technique very flex-

ible. In fact, although originally designed as a speaker adaptation technique, MLLR has been suc-

cessfully used to perform compensation to new environments, replacing many noise and channel

compensation algorithms.

As MLLR involves reestimation of means of output pdfs of HMMs, the estimation of the entities

 and  in Equation (10) requires estimation of the likelihoods of the adaptation sentences

according to the current HMMs. Therefore, there is a need for transcription of the adaptation sen-

tences. If we have the exact transcriptions for some sentences uttered by a speaker, we can use

these sentences to perform supervised adaptation. A more realistic scenario, though, is one where

transcriptions for the adaptation sentences are not available. In this case, transcriptions produced

by a decoder are an alternative for the real perfect transcriptions.

2.7. Conclusions
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We presented a review of basic concepts relevant to this work, as well as a review of major

approaches to speaker normalization, with representative examples of their implementation. With

the exception of the studies of Eide and Gish and of Lincolnet al., the methods reviewed do not

make use of acoustic features that are relevant to speech perception such as formant frequencies. It

is our belief that the use of acoustic features should be central in the selection of the warping func-

tion, for human perception of speech uses exactly these clues to perform normalization.
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Chapter 3
The SPHINX-3 Recognition System

3.1. Introduction

Since the normalization algorithms to be developed will be evaluated in the context of continuous

speech recognition, this chapter provides an overview of the basic structure of the recognition sys-

tem used for the experiments described in this thesis. The algorithms developed in this thesis are

independent of the recognition engine used, and in fact they are part of the acoustic preprocessing

of speech. Hence, the results and conclusions of this thesis should be applicable to other recogni-

tion systems.

The most important topic of this chapter is a description of various aspects of the SPHINX-3 rec-

ognition system. We also summarize the databases used for evaluation in the thesis.

3.2. An overview of the SPHINX-3 system

SPHINX-3 is a large-vocabulary, speaker-independent, Hidden Markov Model (HMM)-based con-

tinuous speech recognition system like its predecessors, the original SPHINX system and

SPHINX-II. SPHINX was developed at CMU in 1988 [39][37] and was one of the first systems to

demonstrate the feasibility of accurate, speaker-independent, large-vocabulary continuous speech

recognition. SPHINX-II [28] was one of the first systems to employ semi-continuous HMMs.

SPHINX-3 has a more flexible structure than SPHINX-II. The user can determine if continuous or

semi-continuous models will be used, as well as how many streams of data the system will be

using and how these streams are organized. In our work we always make use of continuous mod-

els. Therefore, the following description, especially regarding the front end, concentrates on

SPHINX-3 running on continuous mode. In semi-continuous mode, SPHINX-3 is fully compatible

with SPHINX-II.

Figure 9 shows the fundamental structure of the SPHINX-3 [60] system. We briefly describe the
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functions of each block.

Figure 9.Block diagram of SPHINX-3.
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3.2.1 Signal processing

Almost all speech recognition systems use a parametric representation of speech rather than the

waveform itself as the basis for pattern recognition. The parameters usually carry the information

about the short-time spectrum of the signal. SPHINX-3 uses mel-frequency cepstral coefficients

(MFCC) as static features for speech recognition [15]. First-order and second-order time deriva-

tives of the cepstral coefficients are then obtained, and power information is included as a fourth

feature.

The front end of SPHINX-3 is illustrated in Figure 10. We summarize this feature extraction pro-

cedure as follows:

1) The input speech signal is digitized at a sampling rate of 16 kHz.

2) A pre-emphasis filter  is applied to the speech samples. The pre-

emphasis filter is used to reduce the effects of the glottal pulses and radiation impedance

[47] and to focus on the spectral properties of the vocal tract.

3)  Hamming windows of 25.6-ms duration are applied to the pre-emphasized speech samples

at an analysis rate (frame rate) of 100 windows/sec.

4) The power spectrum of the windowed signal in each frame is computed using a 512-point

DFT.

5) 40 mel-frequency spectral coefficients (MFSC) [15] are derived based on mel-frequency

bandpass filters using 13 constant-bandwidth filters from 100 Hz to 1 kHz and 27 constant-

Q filters from 1 kHz to 7 kHz.

6) For each 10-ms time frame, 13 mel-frequency cepstral coefficients (MFCCs) are computed

using the cosine transform, as shown in Equation (11)

(11)

where  represents the log-energy output of theith mel-frequency bandpass filter at

time framet and  represents thekth cepstral vector component at time framet. Note

that unlike other speech recognition systems (e.g. [74]), the  cepstrum coefficient here
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is the sum of the log spectral band energies as opposed to the logarithm of the sum of the

spectral band energies. The relationship between the cepstrum vector and the log spectrum

vector can be expressed in matrix form as

(12)

where  is a 13x40 dimensional matrix.

7) The derivative features are computed from the static MFCCs as follows,

(a) Differenced cepstral vectors consist of 40-ms differences with 12 coefficients

(13)

(b) Second-order differenced MFCCs are then derived in similar fashion, with 12 dimen-

sions.

(14)

(c) Power features consist of normalized power, differenced power and second-order dif-

ferenced power.

(15)

In SPHINX-3, the speech representation uses only one stream of features including: (1) 12 Mel-

frequency cepstral coefficients (MFCC); (2) 12 40-ms differenced MFCC; (3) 12 second-order dif-

ferenced cepstral vectors; and (4) power, 40-ms differenced power, and second-order differenced

power. These features are all assumed to be statistically independent for mathematical and imple-

mentational simplicity.

The normalization technique presented in this Thesis adds one step to the algorithm described

above. Warping of the frequency axis is performed between steps 4 and 5.
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3.2.2 Hidden Markov Models

In the context of statistical methods for speech recognition, hidden Markov models (HMM) have

become a well known and widely used statistical approach to characterizing the spectral properties

of frames of speech. As a stochastic modeling tool, HMMs have an advantage of providing a natu-

ral and highly reliable way of recognizing speech for a wide variety of applications. Since the

HMM also integrates well into systems incorporating information about both acoustics and syntax,

it is currently the predominant approach for speech recognition. We present here a brief summary

of the fundamentals of HMMs. More details about the fundamentals of HMMs can be found in

[7][30][37][42][61].

25.6-ms Hamming Window

cosine transform

40-ms diff. 2nd-order
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Figure 10.Block diagram of SPHINX-3’s front end.
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Hidden Markov models are a “doubly stochastic process” in which the observed data are viewed as

the result of having passed the true (hidden) process through a function that produces the second

process (observed). The hidden process consists of a collection of states (which are presumed

abstractly to correspond to states of the speech production process) connected by transitions. Each

transition is described by two sets of probabilities:

• A transition pr obability, which provides the probability of making a transition from one

state to another.

• An output probability  density function, which defines the conditional probability of observ-

ing a set of speech features when a particular transition takes place. For semicontinuous

HMM systems (such as SPHINX-II) or fully continuous HMMs [31], pre-defined continuous

distribution functions are used for observations that are multi-dimensional vectors. The con-

tinuous density function most frequently used for this purpose is the multivariate Gaussian

mixture density function.

The goal of the decoding (or recognition) process in HMMs is to determine a sequence of (hidden)

states (or transitions) that the observed signal has gone through. The second goal is to define the

likelihood of observing that particular event given a state determined in the first process. Given the

definition of hidden Markov models, there are three problems of interest:

• The Evaluation Problem: Given a model and a sequence of observations, what is the proba-

bility that the model generated the observations? This solution can be found using the for-

ward-backward algorithm [9][61].

• The Decoding Problem: Given a model and a sequence of observations, what is the most

likely state sequence in the model that produced the observation? This solution can be found

using the Viterbi algorithm [72].

• The Learning Problem: Given a model and a sequence of observations, what should the

model’s parameters be so that it has the maximum probability of generating the observations?

This solution can be found using the Baum-Welch algorithm (or the forward-backward algo-

rithm) [5][9].

3.2.3 Recognition unit
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An HMM can be used to model a specific unit of speech. The specific unit of speech can be a

word, a subword, or a complete sentence or paragraph. In large-vocabulary systems, HMMs are

usually used to model subword units [7][12][36][38] such as phonemes, while in small-vocabulary

systems HMMs tend to be used to model the words themselves.

SPHINX-3 is based on phonetic models because the amount of training data and storage required

for word models is enormous. In addition, phonetic models are easily trainable. However, the

phone model is inadequate to capture the variability of acoustical behavior for a given phoneme in

different contexts. In order to enable detailed modeling of these co-articulation effects, triphone

models were proposed [67] to account for the influence by the neighboring contexts.

Because the number of triphones to model can be too large and because triphone modeling does

not take into account the similarity of certain phones in their effect on neighboring phones, a

parameter-sharing technique called distribution sharing [29] is used to describe the context-depen-

dent characteristics for the same phones.

3.2.4 Training

SPHINX-3 is a triphone-based HMM speech recognition system. Figure 11 shows the basic struc-

ture of the phonetic model for HMMs used in SPHINX-3. Each phonetic model is a left-to-right

Bakis HMM [8] with 5 distinct output distributions.

B1 B2 M E1 E2

B1

B1

B2

B2

M

M

E1

E1

E2

Figure 11.The topology of the phonetic HMM used in the SPHINX-3 system.
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SPHINX-3 [28] uses a subphonetic clustering approach to share parameters among models. The

output of clustering is a pre-specified number of shared distributions, which are called senones

[29]. The senone, then, is a state-related modeling unit. By using subphonetic units for clustering,

the distribution-level clustering provides more flexibility in parameter reduction and more accurate

acoustic representation than the model-level clustering based on triphones.

The training procedure involves optimizing HMM parameters given an ensemble of training data.

An iterative procedure, the Baum-Welch or forward-backward algorithm [9][61], is employed to

estimate transition probabilities, output distributions, and codebook means and variances under a

unified probabilistic framework.

The optimal number of senones varies from application to application. It depends on the amount of

available training data and the number of triphones present in the task. For the training corpus and

experiments in this thesis which will be described in Section 3.3, we use 2500 senones for the

Resource Management task with 5000 training sentences, whereas we use 7000 senones for the

ARPA Wall Street Journal task with 7200 training sentences and 6000 for the Broadcast News

task.

3.2.5 Recognition

For continuous speech recognition applied to large-vocabulary tasks, the search algorithm needs to

apply all available acoustic and linguistic knowledge to maximize recognition accuracy. In order to

integrate the use of all the lexical, linguistic, and acoustic sources of knowledge, SPHINX-3 uses a

multi-pass search approach [2]. This approach uses the Viterbi algorithm [72] as a fast-match algo-

rithm, and a detailed re-scoring approach to the N-best hypotheses [66] to produce the final recog-

nition output.

The SPHINX-3 decoder [62] is designed to exploit all available acoustic and linguistic knowledge

in several search phases. Initially, a Viterbi beam search produces a single recognition hypothesis
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as well as a word lattice that includes word segmentations and acoustic scores. The word lattice is

transformed into a directed acyclic graph (DAG). With DAGs, it is possible to use other possibly

larger language models and perform a much quicker search for the best hypothesis. DAGs are also

used to generate N-best lists for rescoring with parameters that are empirically optimized, like lan-

guage weight and insertion penalty.

3.3. Experimental tasks and corpora

To develop the algorithm reported in this thesis, we have mainly used the DARPA Naval Resource

Management Continuous Speech Database (RM1). This database is small enough to allow for a

bearably short train-test cycle and yet large enough to make comparisons significant. The main

limitation of this database is the fact its language model is too restrictive. If we allow the recogni-

tion engine to take the language model into account, performance differences of different imple-

mentations of the vocal tract length normalization algorithms considered are not discernible. In

order to observe more clearly the effect on recognition of the various normalization algorithms

considered, we disable the language model for the RM1 task in our experiments. This is accom-

plished by setting the language weight to a very small value.

Other foci of experiments, although to a much more limited extent, were the Wall Street Journal

(WSJ) and Broadcast News (Hub-4 or H4) tasks. These databases cover a much broader range of

speakers and speaking styles, as described later. For each database, we have created a single set of

gender-independent HMMs.

3.3.1 Resource Management (RM1)

The Resource Management (RM1) corpus is a collection of recordings of spoken sentences per-

taining to a naval resource management task. Subjects read the sentences from written prompts in

low background noise. The material was recorded using a Sennheiser HMD-414 headset micro-

phone and digitized at a 20-kHz sampling frequency with 16-bit quantization. The digitized speech

data were downsampled to 16 kHz and segmented into files corresponding to individual sentence-

utterances. Most of these sentence utterances are approximately 3 to 5 seconds in duration.
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The corpus was originally partitioned into training, development testing, and evaluation testing

data. In the experiments reported on this thesis, we have used the training and development testing

data as training material, totalling 4797 sentences uttered by 120 speakers, 85 male and 35 female

speaker. The test portion consists of 1600 sentences uttered by 40 speakers, out of which 23 are

male and 17 are female. It contains 14968 words from a 1000-words vocabulary. The language

weight is 0.001 unless otherwise noted.

3.3.2 Wall Street Journal (WSJ)

The WSJ database [57] consists of several subsets encompassing different vocabulary sizes, envi-

ronmental conditions, foreign accents, etc.

In our experiments with the Wall Street Journal corpus, we use the official speaker-independent

training corpus, referred to as “WSJ0+1-si_trn”, or “SI-284”, supplied by the National Institute of

Standards and Technology (NIST) containing 35776 utterances of read WSJ text. These sentences

were recorded using a Sennheiser close-talking noise-cancelling headset. The training utterances

are collected from 284 speakers. All these data are used to build a single set of gender independent

HMMs to train the SPHINX-3 system.

For testing purposes, we have used ARPA 1994 CSR Evaluation H1 Hub test data [33]. This cor-

pus was similarly collected with a high quality close-talking, noise-cancelling microphone. Each

of 20 subjects produced about 15 sentences to a total of 316 sentences containing 8184 words. The

sentences were read from articles published in a variety of North American Business News Ser-

vices: Reuters News Service, New York Times, Washington Post and Los Angeles Times as well

as WSJ; all texts were drawn from financial news articles. The testing domain is therefore consis-

tent with the training data. We have employed a dictionary with around 20000 words and a lan-

guage weight of 9.5. These settings are more realistic than the ones used for RM1 in the sense that

a real life system for this task would have similar settings.
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3.3.3 Broadcast News (Hub-4)

The Hub-4 corpus [27] has been recorded from broadcast news shows, both from TV and radio

broadcasts. It consists entirely of “found speech”, that is, speech that has been observed and cap-

tured in actual day-to-day usage, contrasting completely with the other corpora, which were based

on speech elicited solely for purposes of speech recognition research.

Television broadcasts were received via cable TV network and recorded simultaneously to both

Super-VHS video tape and digital audio tape (DAT). Radio broadcasts were received by means of

a common high-fidelity stereo receiver with a digital FM tuner. An amplifying FM antenna was

attached to the receiver to maximize received signal strength. Distance to the broadcasting anten-

nas was approximately 10 miles, well within the broadcasting range of the local NPR affiliate sta-

tion (which reaches a radius of at least 60 miles).

The DAT recordings were played through a Townshend DATLink digital audio converter for

downsampling from the 32-kHz DAT sample rate to 16 KHz and storage of the left channel only to

16-bit PCM-encoded waveform sample files. In most cases where a single broadcast episode lasted

for an hour or more, the waveform data were split into consecutive 30-minute segments for tran-

scription and distribution.

The variety of conditions in this kind of task led DARPA to classify different segments of each

show into a number of focus conditions [21], summarized below.

We followed two approaches for training models. In one of them we use all the available data,

which is around 109 hours of recording. In the second approach, we use just a portion of the F0

focus condition containing about 8 hours of speech. The best performance is achieved when mod-

els are trained using all available data. The motivation to limit training to a portion of one of the

conditions stems from the dependency of parts of the algorithm developed in this thesis on the

availability of speech with clean background and high fidelity. For development purposes, we also

limited the amount of speech to expedite training, keeping in mind that performance would deteri-
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orate.

The testing data were recorded under the same conditions, although at a different epoch from the

training data. Development and Evaluation test data are delivered as half an hour long blocks. No

information is provided as to where utterances start or end or who the speakers are. Even if this

piece of information were provided, there is no control over the amount of speech from each

speaker. We employed a one hour subset of the Hub-4 1997 Development Test data. This subset

was designed so as to reflect the amount of speech under each condition contained in the whole

Development test data. Results obtained with this subset would then be scalable.

3.4. Statistical significance of differences in recognition accuracy

The algorithms we propose in this dissertation are evaluated in terms of recognition accuracy

observed using a common standardized corpus of speech material for testing and training. Recog-

nition accuracy is obtained by comparing the word-string output produced from the recognizer

(hereafter referred to as the hypothesis) to the word string that had been actually uttered (hereafter

referred to as the reference). Based on a standard nonlinear string-matching program [53], word

error rate is computed as the percentage of errors including insertion, deletion and substitution of

words.

Condition Dialect Mode Fidelity Background

Baseline Broadcast (F0) native Planned High Clean

Spontaneous Speech (F1) native Spontaneous High Clean

Reduced Bandwidth (F2) native (any Mode) Med/Low Clean

Background Music (F3) native (any Mode) High Music

Degraded Acoustics (F4) native (any Mode) High Speech or Noise

Nonnative Speakers (F5) nonnative Planned High Clean

Other Combinations (FX) — — — —

Table 1.Hub-4 focus condition definitions
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It is important to know whether any apparent difference in performance of algorithms is statisti-

cally significant in order to interpret experimental results in an objective manner. Gillick and Cox

[23] proposed the use of McNemar’s test and a matched-pairs test for determining the statistical

significance of recognition results. Recognition errors are assumed to be independent in the

McNemar’s test or independent across different sentence segments in the matched-pairs test,

respectively. This assumption implies that the McNemar’s test is meaningful only if the errors are

sufficiently far from each other. Piconeet al. [59] also advocated a phone-mediated alternative to

the conventional alignment of reference and hypothesis word strings for the purpose of analyzing

word errors. NIST has implemented several automated benchmark scoring programs to evaluate

statistical significance of performance differences between systems.

Many results produced by different algorithms do not differ from each other by a very substantial

margin, and it is to our interest to know whether these performance differences are statistically sig-

nificant. A straightforward solution is to apply the NIST “standard” benchmark scoring program to

compare a pair of results.

In general, the statistical significance of a particular performance improvement is closely related to

the differences in error rates, and it also depends on the number of testing utterances, the task

vocabulary size, the positions of errors, the grammar, and the range of overall accuracy. Neverthe-

less, for the RM1 task with the SPHINX-3 system, a rule of thumb we have observed is that perfor-

mance improvement is usually considered to be significant if the absolute difference in accuracy

between two results is greater than 3%. For the other databases, the rule of thumb we observed is

that an absolute difference greater then 1% is significant. Whenever there was any doubt about sig-

nificance of differences in results, we have used the scoring program provided by NIST.

3.5. Conclusions

In this chapter, we reviewed the overall structure of SPHINX-3 that will be used as the recognition

system in our study. We also described the training and evaluation speech corpora that we employ
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to evaluate the performance of our algorithm in the following chapters. The primary vehicle for

research of this thesis will be the RM1 1,125-word 4797 sentences training corpora from which a

single set of gender independent 2500-senonic HMMs will be constructed, together with the 1600

sentences evaluation test data. The other databases we will employ, although to a lesser extent, are

the WSJ0+1 and Hub-4 corpora.



Chapter 4. Vocal Tract Length Speaker Normalization 37

Chapter 4
Vocal Tract Length Speaker Normalization

4.1. Introduction

Speaker normalization through a warping function can be thought of as a mapping between two

spectra. Speaker normalization techniques deal with two problems that are different in nature. One

of them is how to model this mapping, i.e., how to choose a generic mathematical description

relating two spectra. The second problem is, given the function, how to choose the parameters that

uniquely define the mapping between two particular spectra.

Mathematically, we can see the problem of defining a speaker specific warping function as the def-

inition of a curve on a plane whose axes are the frequency scales before and after warping. We

approach this problem by defining points on this plane and fitting a curve to these points as in Fig-

ure 12. The problem is therefore restricted to choosing the points and what kind of curve to use to

fit them.

The speaker dependency obviously lies in the choice of points. We define these points based on

acoustically-related features, like formants and high frequency parameters. We compute histo-

grams of distributions of these features and employ statistics computed from these histograms in
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Figure 12.Warping function is chosen by defining points on a plane and fitting a curve to
the points.
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the definition of the previously mentioned points. Initially we employ each parameter separately to

analyze their possible individual benefits to speech recognition performance.

Thereafter, we study some aspects involved in the combination of features. These aspects are the

choice of what features to combine and how to weigh them so as to achieve the best combination.

The problem of choosing what features to use can be interpreted as a special case where the

weights are 1 or 0 depending on whether the feature is utilized or not respectively. Nonetheless, we

treat the choice of features and their weighing separately. We start with a fairly large number of

possible features, select a possibly small number of them, and determine weights for this final set.

Given a set of points with respective weights, we face the problem of how to fit a curve to them.

Linear regression is a powerful tool for this purpose. Linear or, more generically, affine functions

can easily be found to fit the mentioned points. Nonlinear functions can be mapped to another

space where points along the nonlinear curve can be fitted to a straight line. We study some possi-

bilities and analyze the influence of different choices of curves on the performance of the recogni-

tion system.

A crucial point in the estimation of the warping function is the definition of points based on acous-

tic features, which are extracted from formant distributions. There is an inherent dependency on a

formant tracker. This dependency affects the overall performance of the algorithm in terms of

computational cost and reliability.

Computational cost can be reduced by defining a small number of classes of speakers and perform-

ing normalization based on these classes instead of on a speaker-specific basis. We examine the

extreme case where these classes are the two genders. The cost of classifying an utterance as hav-

ing been spoken by a male or female speaker is much less than that of estimating a speaker’s for-

mants.

The reliability of a formant tracker can be affected by the quality of the recorded speech. The pres-
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ence of disturbances, such as noise, music, or concurrent speech, can undermine the estimates of

formants. Limited bandwidth can easily mislead the formant tracker into picking the wrong peaks

of the spectral envelope. If, however, we have high-quality speech recorded by a speaker, we can

estimate formants taking advantage of these segments of speech alone. We study the extent to

which our algorithm can still be employed for normalization in this scenario where both clean and

noisy speech are available from a speaker.

In this chapter we explore the issues outlined in this introduction. We examine the effects on rec-

ognition accuracy of the shape of the warping function, the features used to define the warping

function, and various computational simplifications. All experiments reported in this chapter make

use of the Resource Management (RM1) database described in Section 3.3.1.

4.2. Speaker normalization methods proposed by other authors

In this section we present recognition results obtained with speaker normalization methods pro-

posed by other researchers. These methods were described in Chapter 2. We present recognition

results on the Resource Management (RM1) database on Table2. Notice that these implementa-

tions are our implementations of algorithms developed by other authors. Our implementations dif-

fer from Wegmannet al. in the shape of the warping function and they differ from Eide and Gish in

the parameter used to define the warping function. Specifically, Eide and Gish use the median of

the third formant F3, whereas we ran experiments using the medians of the first three formants. In

fact, our work differs from the one carried on by Zhan and Westphal in that they use means instead

of medians.

These results seem to confirm results obtained by Zhan and Westphal in the sense that the best

result is achieved when selecting warping functions based on maximization of likelihood. More-

over, these experiments seem to show that the linear warping function, besides the appeal of sim-

plicity, which brings about lesser cost, also provides the best benefit. A linear warping function

seems to capture most of the information necessary to achieve speaker normalization.
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Results based on Eide and Gish’s work also seem to indicate that we can gain by exploring differ-

ent choices of parameters. It has the advantage of not requiring an iterative process in the definition

of the warping function, thus being a simpler process.

In the remainder of this work, we will explore these two dimensions: different shapes and different

parameters defining a warping function.

4.3. Issues related to shape of the warping function

As mentioned in the introduction to this chapter, we define points on a plane whose axes are the

frequency axes before and after warping. The warping function is a curve fitting these points. The

coordinates of these points are defined according to speaker-specific acoustic features, such as sta-

tistics extracted from distributions of formants. We search for a best combination of warping func-

tion shapes and acoustic features by choosing a set of features, testing for different shapes of

warping functions, and choosing the best set of features according to the resulting best shape of

function. Iterations of these steps might be performed as needed. Therefore, the first step in this

iteration is the choice of a set of features.

We have chosen to use the medians of the three first formants as the features defining points on the

plane. No assumption is made of the optimality of this choice. Some other authors [17][77] have

Our implementation of method originally byWER

Baseline 38.0

Wegmannet al. with nonlinear function 35.1

Wegmannet al. with linear function 31.2

Eide and Gish using F1 37.3

Eide and Gish using F2 33.0

Eide and Gish using F3 34.5

Table 2.Word Error Rate (WER) on Resource Management (RM1) for our implementation of
some normalization techniques presented on the review.
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used medians of formants as the guiding acoustic features in their works, suggesting that medians

are a good choice at least for an initial approach to the experiments.

After we define points on a plane, we attempt to find a function that uses those points as con-

straints or guidelines. We make a distinction between interpolation and fitting of points. When we

interpolate, we end up with a curve that necessarily contains the points, as if we utilized a data-

driven method to find a function. When we fit a curve to the points, we use a model-based

approach: we have a model for what the warping curve should be in the form of a mathematical

description, and we find the parameters of this model so that the difference between the model,i.e.,

the warping function, and the data is minimal.

When interpolating points, we are completely driven by data, so it makes no sense to impose con-

straints on the shape the final function will have. A simple piecewise-linear curve connecting

points has been used in our experiments. The number of points changes only the coarseness of the

interpolating curve.

As a matter of fact, we can take the idea of interpolation to an extreme and define a large amount

of points on the plane, so the interpolation can be as refined as we want. This large amount of

points can be chosen based on an extension of how we previously defined medians and extremal

points: mapping points that define regions of equal areas in the histograms of formant frequencies.

Therefore, we can slice the histograms into, say, 100 pieces, corresponding to the different percen-

tiles. These percentiles will define 101 points on the plane which will be interpolated defining the

warping function. The resulting warping function maps regions of equal area of both distributions

and is referred to as “Equal area” warping function in following sections.

When using a model to fit to the data, though, the restrictions on the shape become important.

Vocal tract length studies [19] have shown that for some phonemes, the formants are inversely pro-

portional to the vocal tract length, that is, formant frequencies for some phonemes depend on the

inverse of the vocal tract length . Some phonemes though have a dependency with powers of .l l
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This suggests that a linear warping function might be a good choice for speaker normalization, but

the use of nonlinear functions might lead to gains.

Regarding the linear function, there are still some extensions that can be applied. The linear func-

tion  can be used, but the affine function  can also be employed. This choice

would imply we do not impose constraints regarding whether the warping function maps the fre-

quency 0 Hz to the frequency 0 Hz. Intuitively this constraint sounds appropriate, but we do not

have experimental evidence to impose it. An alternative would be to use the affine function with

the additional condition that the origin will be one of the points in the collection of points we use

to fit the line. This additional condition represents and intermediate solution between the linear

function and the affine function using merely the acoustic features.

We have not imposed constraints on the choice of nonlinear function except that it should be

monotonically increasing. It does not make sense to map low frequencies to higher frequencies

while mapping the high frequencies to lower ones. The monotonicity can be justified on the argu-

ment that we do not want to map two different frequencies to the same one.

In speech recognition, we traditionally employ warping curves based on studies from speech per-

ception. These studies, especially the concept of critical band, led to the use of the mel and Bark

scales. We reasoned that this warping can be thought of as a mapping from a generic speaker to a

standard speaker. We selected warping functions that approximate or resemble these functions but

which can be completely defined with a few parameters.

One such a function is the normal-deviate obtained in the context of “receiver operating character-

istic” (ROC) or “isosensitivity curve”. In this context, if we are given two sources which generate

signal with a Gaussian distribution, the ROC curve, which relates the probability of detection

to probability of false alarm , has a shape that fits the criteria described previously. Moreover,

when this curve is transformed from the linear coordinate system to a normal-deviate coordinate

system, the resulting ROC curve is a straight line. The transformation from the linear coordinates

y ax= y ax b+=
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PF
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 to the normal-deviate coordinates  is defined by:

(16)

(17)

The straight line defined by the coordinates  can be defined in terms of a parameter

and the means and variances of the two Gaussians as:

(18)

(19)

In the context of speaker normalization, we are given speaker specific features and we fit a curve to

these points. Considering the normal-deviate transform, we transform the features to the normal-

deviate space, fit a straight line to the points in that space, and map points along this line back to

the linear system to find the warping function. The same idea of mapping a nonlinear curve to

another space where this curve is linear can be extended to other curves.

We have benchmarked the shapes described in this section using the medians of the three first for-

mants as the speaker specific features. Results are presented on Table 3. Notice that as mentioned

in Section 3.3.1 we have used a very small language weight which essentially disables the lan-

guage model. The reason behind this choice lies in the fact that the language model for this task is

so constrained that differences between implementations cannot be assessed.

All dif ferent implementations of warping function result in improvement compared to no normal-

ization. Moreover, differences between implementations are not statistically significant. Even if

the shape of the warping function implies a counter-intuitive transformation, like the mapping of 0

Hz to nonzero, the specifics of the shape seem to be irrelevant. As differences are not significant,
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we can make no claim as to whether this constraint would bring degradation or improvement. If

the particular shape is not important, we obviously choose the simplest function, the linear func-

tion, in most of the remaining experiments in this thesis.

4.4. Formant-based features

As pointed out in Section 2.2, formants are a very important cue in the identification of vowels.

Motivated by this fact, we sought to achieve normalization by the use of features extracted from

formants. Statistical measures were employed for mathematical simplicity and practical flexibility .

Means are the simplest and most straightforward measure we could make of a distribution of

points. In the context of speaker normalization through a warping function, though, they might not

make much sense. If we attempt to map distributions of formants using a warping function, the

mean is most likely not going to be mapped correctly, unless the warping function is an affine

function [54], due to the linearity of the expectation operator.

Medians represent a robust statistic of a set of data. Its estimate is less affected by outliers than

means, for example. Moreover, we intend to map between two distributions of formant frequen-

cies. The use of a median point is a good first approximation for this mapping. Any mapping, pro-

Warping function Datapoints WER

Baseline — 38.0

Affine ( ) Medians 31.1

Affine ( ) Medians + Origin 30.7

Linear ( ) Medians 31.1

Normal-deviate Medians 30.7

Equal Area Percentile 30.4

y ax b+=

y ax b+=

y ax=

Table 3.Word error rate (WER) for normalization using the medians of the three first formants and
several different shapes of warping function. Normalization is effective, but differences in
implementation do not seem to be relevant.
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vided it is monotonically increasing, will map the medians of the distributions onto each other

based on the definition of medians.

Extending this idea of medians mapping to medians, we also chose the extremal points of the dis-

tribution as features to be mapped. In the estimation of extremal points, the presence of outliers

would be devastating. To cope with this fact, we made use not of the minimum or maximum points

themselves, but of points defining the 5% and 95% percentiles under the assumption that the mea-

surement of areas is less susceptible to be affected by mavericks.

4.5. Non-formant-based features

Formants that can be consistently estimated, that is, the first three or four formants, provide

enough information to define the warping function in the frequency range from 0 to around 3.5Hz.

Most of the speech used in the experiments reported on this thesis was sampled at 16 kHz, provid-

ing us with signals whose spectrum ranges from 0 to 8 kHz. The range from 3.5 to 8 kHz goes

unattended. As we intend to use speaker-specific features to constrain and define the warping func-

tion, we face the problem of how to handle frequencies in this range.

Formants are essentially a vowel-like-phoneme’s characteristic. Fricatives have spectra that resem-

ble white or colored noise in a range that usually goes beyond 4 kHz. They could therefore provide

us with features in the range not covered by formants.

The problem of what measures to use arises again. With fricatives, there is no clear peak in the

spectrogram as in the case of formants of vowel-like phonemes. However, the spectra of fricative

sounds resemble a Gaussian-mixture distribution. We make use of the mathematical description of

the spectrum as a distribution for modeling convenience, without rigorously imposing all con-

straints the concept of distribution would require.

The fitting of a mixture of Gaussians to the spectrum allows us to extend the idea of formants to

fricative sounds. Instead of the peak of the spectral envelope, we collect at each frame the mean of
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each Gaussian component, or at least the means located in a high frequency range. If we utilize

only one Gaussian, we effectively compute the center of mass of the spectrum of a frame of signal.

If we make use of a mixture of two Gaussian components, we discard the smaller one, and so on.

We then estimate the distribution of these peaks, or of the means of Gaussian components. Statis-

tics from these distributions are the high frequency features.

4.6. Features in isolation

Although we have complete freedom to choose features, we should not do so blindly. Andrews et

al. [3] report on an attempt to select features mechanically. The authors devised a method to auto-

matically select features from a large number of randomly chosen ones. They report this approach

was a failure, and advise to use intuition as a guide on the search of features.

In the previous sections, we mentioned the reasons for choices of the parameters we experimented

with. In a first attempt to try to understand their importance for speaker normalization, we studied

the separate benefits of using each feature separately. In an attempt to once again assess the rele-

vance of the choice of the shape of the warping function, we have used both a linear function and a

normal-deviate curve. Notice that if we use only one feature at a time, we define only one point on

the plane where the warping function is to be defined. Therefore we need to impose further con-

straints at least for the normal-deviate curve. For this curve, we further require the normal-deviate

curve to be symmetric around the diagonal . Recognition results with individual fea-

tures for both the linear and the normal-deviate curve are presented on Table 4.

Some of the numbers presented in the table are very close. Particularly for these numbers, it is

important to consider statistical significance. As a rule of thumb, we have observed that differences

in word error rates around 3% can be considered significant. This empirical rule is based on our

observation of results of the matched pairs test applied to experiments on RM1 in the same condi-

tions as the experiments reported in this section. Matched pairs test, which was used whenever

there was any doubt about significance in improvements, is a more precise way to make pairwise

comparisons that take statistical variations into account. Similarly to other statistical significance

y 1 x–=
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tests, it requires analysis of where the errors occur and whether both systems produced the same

kinds of errors, as mentioned in Section3.4.

Firstly, we can reorganize the table above in order of relative benefit to performance in terms of

word error rates. Without regard for the absolute numbers, we sorted the results from Table 4 to

produce Table 5. Features which are not statistically significant according to the matched pairs test

Feature Formant

Warping function

Linear
Normal-
deviate

Baseline — 38.0

Maxima f1 45.1 43.7

f2 43.4 45.8

f3 43.8 46.9

Median f1 36.3 35.3

f2 29.5 30.7

f3 32.5 33.2

Minima f1 40.5 38.7

f2 35.2 34.2

f3 34.1 34.9

Mean f1 36.1 35.3

f2 30.1 30.9

f3 33.7 34.0

High Frequency #1 38.3 37.9

#2 37.2 36.6

#3 36.9 36.4

Table 4.Word error rate (WER) for normalization employing linear and normal-deviate-based
warping functions defined by features used separately. Experiments on Resource Management
(RM1). Baseline implies no speaker normalization performed at any stage. Otherwise,
normalization is applied to training and testing data.
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[23] are grouped together.

The relative position of features is essentially the same for both the linear and normal-deviate-

based warping functions, although these functions have fairly dissimilar characteristics. One is lin-

ear and unconstrained on the upper end of the frequency range. The other is nonlinear and bounded

both at the origin and at the Nyquist frequency. The largest dissimilarity appears when we use

maximal points to define the warping function. But even in this case it might well be the case that

differences arise because the maximum of F1, which is “out of order”, just should not be used at

all.

We have attempted to relate the order of features found on Table 5 with the distributions of slopes

produced by these features. We have measured distances between distributions of slopes grouped

Order Linear Normal-deviate

Best Med F2 Med F2
Mean F2Mean F2

Med F3 Med F3
Mean F3
Min F2

Mean F3
Min F3

Min F2 Min F3
Mean F1
Med F1Mean F1

Med F1
HF 3
HF 2

HF 3
HF 2

HF 1 HF 1
Min F1Min F1

Max F2
Max F3

Max F1

Max F2
Max F3Worst Max F1

Table 5.Isolated features sorted by WER. Features in the same cell do not present statistically
significant differences.
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by gender. We have assumed these distributions to be Gaussians. Distance between the distribu-

tions with means  and  and variances  and  is given by

(20)

We have computed the distance D for slopes produced with each of the features presented on Table

5 and plotted the results on Figure 13.

Figure 13 clearly displays a relation between the distance between the distributions and the relative

importance of the feature. This relation is to be expected. A smaller distance implies either that the

means of the distributions are closer or that the variances are larger. In either case, the distributions

will have a larger overlap, meaning that there are more speakers being warped in the wrong “direc-

tion”.

The fact that medians and means tend to be better than the minimal points, together with the fact

that statistics of F2 and F3 tend to be better than those of F1, also deserve attention. Extraction of

formants is an errorful process. Mapping of areas, as is the case with medians as well with extre-
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Figure 13.Distance between distributions of slopes according to gender for several fea-
tures examined in this section. We can see a clear relation between the best features and a
greater distance between distributions.
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mal points, according to the definitions we used, alleviates this drawback. Nonetheless, the defini-

tion of the warping function might be much affected by bad estimates. However, the farther the

feature is from the origin, the less influence errors in its estimation will have on the warping func-

tion, provided the warping function is forced to include the origin. If we err by the same amount in

the estimation, say, of the minimum of F1 and the median of F3, this error causes a greater effect

on the warping function estimated from the former.

Our findings that medians of F2 and F3 are among the best features confirm the choice made by

Eide and Gish [17], who used the median of the third formant as the guiding parameter in their

definition of warping function. However, we should point out that their selection of feature was

based on other criteria, and the warping function they use also has a different shape. Eide and Gish

chose the median of F3 because this formant has the least variation across different phonemes

uttered by a speaker, thus making its estimation more reliable. Their choice of warping function

was described in Section 2.4.3.

Zhan and Westphal [77], on the other hand, found slightly differing results. They have attempted to

use both linear and nonlinear warping functions, as described in Section 2.4.3. Their choice of

nonlinear function was based on Eide and Gish’s work. For both linear and nonlinear shapes they

reached the conclusion that the mean of the first formant was the most effective in performance

improvement. They in fact report that the second formant brings about a deterioration in perfor-

mance. In our experiments, we found that the mean of the second formant works better than the

third, and both work better than the first. We still found that, when used in isolation, the median

seems to provide a better feature than the mean. In either case, using medians or means, the

improvement achieved with the second formant is the best, and with the first, it is the worst.

4.7. Combination of features

In this section, we study issues related to the combination of features. If we combine the best fea-

tures from the previous section, that is, the best features considered separately, we are not guaran-

teed to achieve the best possible result. Other combinations of features could result in a better
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performance.

We explore two issues related to combination of features: what features will be used and what

weight we will assign to each of them. We explore the two issues with the same approach. We

compare estimates of slopes based on uni-dimensional and multi-dimensional linear regression

and derive weights from this comparison. Obviously, we need some extra information regarding

the slopes so we can estimate the weights. We assume we know the optimal slope for a set of

speakers in terms of recognition performance.

Uni-dimensional linear regression gives an estimate of the slope of a linear function that best fits a

set of points on a plane given the coordinates of these points and corresponding weights. All these

pieces of information refer to one particular speaker. However, the weights and the features of the

standard speaker are common to all speakers, which suggests we can estimate the slope of the

speaker’s warping function from the speaker specific features alone.

Multi-dimensional linear regression gives an estimate of the parameters of a linear function where

the independent variable is multi-dimensional. In this context, the set of speaker specific features is

the independent variable from which we estimate the slope of the warping function. Each speaker

defines a point in this space. A set of speakers defines a “cloud” of points that we model as a

straight line whose parameters we find with multi-dimensional linear regression. We assume

knowledge of the best slope of the warping function for each speaker in this set. A comparison

between the slope estimate from this multi-dimensional model and the uni-dimensional estimate

allows us to find the optimal set of weights.

The slope of the best warping function for each speaker is determined by exhaustive search. From

the results of this procedure, we find the weights, common to all speakers. New speakers will use

the same set of weights, thus precluding the need for any further search. Moreover, search over a

coarser grid of values, which reflects in quantization errors in the multi-dimensional linear regres-

sion space, will not have such a dramatic effect in the weights.
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In this section we present a detailed study of the issues raised in this introduction.

4.7.1 Selection of features

In this section, we present a method for selection of features given a large set of features. This

method takes into account recognition results as a criterion, although indirectly. We constrain the

set of weights of the linear regression to be either one or zero for each feature. Each combination

gives an estimate for the slope. We sort the combinations according to how close they are to the

best slope, thus obtaining an optimal combination for the set of speakers.

In general, given a set of features chosen with arbitrary criteria, we need to select some of them so

that their combination will be optimal for recognition purposes. If we just consider recognition

results of features taken separately, we might be misled into believing the combination of the best

features will bring about the best combination. It might be the case, for example, that the separate

features lead to very similar warping functions for all speakers, even though this warping function

might not be optimal for any speaker. In this case, we gain nothing from their combination.

The two main techniques to select features from a set of arbitrary ones are essentially complemen-

tary ideas. In one of them, the so called knock-out method [64], performance is evaluated for a sys-

tem using all  features together. Then, performance is evaluated for each combination of

features, that is, each feature is discarded at a time. The feature which causes less degradation in

performance is eliminated. The process is repeated until there is one feature left. The last feature

left is the most influential and the first one removed is the least important. Besides, combinations

have been examined with different numbers of features.

The other method, named add on [24], starts with separate features. Each feature is combined with

the best one in turn, and the best combination is selected. The process continues, each time grow-

ing the set containing the best combination by one. Again, combinations with all numbers of fea-

tures have been examined.

N N 1–
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A weak point of these techniques is that both of them presume that the optimal set of feature is a

subset or a superset of the current optimal set. So, for example, if the best set of features with three

elements contains the features A, B, and D, but the best set with two elements contains the features

A and C, neither of the methods would find these solutions.

If we consider performance of a system regarding speech recognition, we are of course consider-

ing word error rate. As we need to examine several combinations of features, it implies we have to

run several passes of recognition. This approach would be extremely expensive. Instead, we adopt

a simplified approach.

According to our experiments reported in Section 4.3, different shapes of the warping function

result in statistically insignificant differences in recognition performances. Therefore, we make use

of the simplest choice, the linear function . The use of this function implies that we only

need to find one parameter for each speaker, the slope .

In order to find the best combination of features, we will assume we know the slope of the best

warping function for a set of speakers. We will then minimize the difference between this best

slope and the ones obtained from a linear regression estimate when we vary the weights.

Given a set of features  and corresponding weights , the slope of the warping func-

tion can be estimated by linear regression as:

(21)

If we pool together all of the chosen features, we can set each successively to 0 or 1 and com-

pute the estimate  for each speaker . We know the best slope  for each speaker , so we can

easily compute the difference:
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(22)

for all combinations of the finite set . Notice that the criterion

imposed by Equation 22 is exactly the same imposed by the linear regression formulation. There-

fore, this method can be interpreted as a special case of the method presented on Section 4.7.2.

However, the set of features might be as large as the set of speakers. An analytical solution would

be compromised, since we would be attempting to estimate a large number of variables from a

small number of data points.

Setting the weight  successively to 0 or 1, we computed the squared error and found the best

combination for the RM1 task was achieved using the minimum of F1 and the medians of F1 and

F2. We tested for the optimal combination in two partitions of the test data (no overlap of speak-

ers), and this combination and some variations of it (adding or not the mean of F1 for example)

were among the top 5 (out of ) for both partitions. As a comparison, we ran recognition results

for the combination of the 2 and 3 best features according to Table 4. The results are summarized

on Table 6.
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Combined Features WER(%)

Baseline 38.0

Min F1, Med F1, F2 29.4

Mean F2, Med F2 30.1

Mean F2, Med F2, F3 30.7

Med F1, F2, F3 31.1

Table 6.Recognition results for combinations of features. The first set (combination of minimum
of F1 and medians of F1 and F2) was selected based on least squared error; the second and third
sets (mean and median of F2; mean and median of F2 and median of F3) are combinations of the
two best and three best features when used in isolation; the final set is a combination of features
selected intuitively (medians of F1, F2, F3).
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Results from Table 4 on page47 confirm results from Eide and Gish in that F3 is a good parame-

ters for the definition of the warping function. However, our current results show that when we

seek a combination of features, the best choice might lie elsewhere.

4.7.2 Weighing of features

The use of variances as weighing factors seems intuitive because if the feature has a bigger vari-

ance, its estimate is less reliable, and therefore its weight should be smaller. But the fact that a fea-

ture has a smaller variance does not necessarily mean it is more important from a speech

recognition standpoint.

To estimate proper weights, we introduce a method utilizing Multi-Dimensional Linear Regression

(MDLR). As mentioned in the introduction to Section 4.7, we will compare the estimates of slope

using uni-dimensional and multi-dimensional linear regression. In the uni-dimensional perspec-

tive, let’s assume we have chosen the warping function to be a linear function , and we

want to find the slope  for speaker  based on the features , , and corre-

sponding weights , , that is:

(23)

where the superscript indicates a measurement for speaker . Notice that the set of weights ,

, is the same for the entire set of speakers.

Given the best slope  for speaker  (for example, found because we performed an exhaustive

search of parameters), we can find the weights  which would yield the best estimates of

each slope  by minimizing the difference between  and  in the least squares sense. We can

find the weights  based on a subset of speakers, and use these weights for all speakers after-

wards.
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In the multi-dimensional linear regression perspective, we model the slope of the warping function

as a linear combination of speaker specific features. We thus find a model that provides an estimate

of the slope so that the difference between this estimate and the best slope  is minimal in the

least squares sense for a set of speakers.

Mathematically, let  be the -th feature for the standard speaker and  be the corresponding

-th feature for one particular speaker with corresponding weights . The dependency between

 and  can be modeled by the function  on the plane , where the slope  is

given by:

(24)

Applying the normalization constraint for the :

(25)

we can rewrite Equation 24 as:

(26)

On the other hand, if we know the slope of the best warping function for a set of speakers but we

do not know the weights, the slope can be modeled by multi-dimensional linear regression as a

function of the multidimensional variable  for each speaker  of a set of

speakers. MDLR finds the coefficients  of the model:

(27)

If we compare equations (26) and (27) and equate, we get:
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(28)

which is easily solvable for . We can re-normalize the weights at will.

This technique usually yields weights that are seemingly inconsistent. We believe this is the conse-

quence of finite precision in the computer’s representation of real numbers. Figure 14 presents the

contour plot of the error, that is, of the summation of squared differences between the slopes

obtained by exhaustive enumeration of  and the ones estimated using the set of weights for a

range of weights. Each point in the  plane represents a combination of , , .

The values of  and  are taken directly from the coordinates. The value of  is so that the

weights add up to 1.

The error in Figure 14 is minimum at the central ellipse and increases towards the edges of the

plot. The error at the vertices have values which are consistent with the findings on Table 5, that is,
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Figure 14.Contour plot of the error between estimated and measured slopes as function of
combinations of W1, W2, W3 (which add up to 1). Points in the central ellipse might be
indistinguishable due to limited precision.
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this error is largest at , decreasing for  and decreasing more for .

Table 5 indicates that the best feature taken in isolation is the median of F2 followed by the medi-

ans of F3 and F1. A feature in isolation corresponds to setting its weight to one and the other

weights to zero.

The central ellipse in Figure 14 represents points that are very close to the absolute minimum for

which the error function does not vary much. Limited precision in the representation of floating

point numbers prevents us from finding this minimum. On the other hand, points in this region pro-

duce squared errors close to 0.02 accumulated over 40 speakers. The error, as mentioned previ-

ously, is the difference between slopes measured in an exhaustive search and slopes estimated

from a set of weights. If we compare this difference between slopes with a typical slope, around

1.0, we can see the error at any point in this region as well as the difference between errors at dif-

ferent points in this region are both very small. If the difference in error is so small and if the error

itself is so small, the estimated slopes, no matter which point we use in this region, will be very

close to the best slope for each speaker. This closeness reflects in no difference in word error rate

for points in a region around the absolute minimum.

4.7.3 Experiments involving optimal selection and weighing of features

We have run experiments investigating the efficacy of MDLR in finding weights as opposed to

other more “intuitive” choices of weight for different combinations of features. We used the com-

bination of minimum of F1 and medians of F1 and F2, which according to our findings in Section

4.7.1 provides the best performance. We also used a combination of the medians of F1, F2, and F3,

because median has become a popular choice of measurement because of its statistical robustness

to outliers. In Table7 we present results for some choices of selection of weights. The warping

function is a linear function. Experiments were performed on Resource Management, as described

in Section 3.3.1.

MDLR involves the computation of weights given the best slope of a linear warping function for a

set of speakers. In the experiments reported in this section we used disjoint sets of speakers for

W1 1= W3 1= W2 1=
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estimation of weights and for recognition tests.

According to the matched pairs test, the difference between MDLR and the other choices is statis-

tically significant for the combination of medians of F1, F2, and F3, but the difference between

using MDLR and using equal weights is not statistically significant for the combination of mini-

mum of F1 and medians of F1 and F2.

Although the result for the combination of minimum of F1 and medians of F1 and F2 might seem

disappointing, we have to consider these features were already selected as an optimal combination

using exactly the same criterion as the one used to find optimal weights. These results indicate that

we can achieve improvements in performance if we select a combination of features based on a

quantitative optimization criterion but might as well achieve a comparable improvement if we

select a combination based on qualitative reasons and optimize the weights so as to minimize

errors in the estimation of slopes.

4.7.4 Exhaustive search

In this section, we describe the method used to find the best warping function for a speaker,

exhaustive search of slopes, as well as report on experiments showing how this method can be

affected by limiting the search space.

Weighing method

Combination of features

Med F1,
Med F2,
Med F3

Min F1,
Med F1,
Med F2

Baseline 38.0

Equal weights 31.1 29.4

Inverse of variance 31.1 33.6

MDLR method 29.7 29.5

Table 7.WER for normalization using different sets of weights. The weights were chosen to be
equal for all features, the inverse of the variance of each feature, and based on MDLR.
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When performing an exhaustive search, we select a number of warping functions, warp utterances

by a speaker according to each of these functions, and select the warping yielding best recognition

performance as the best warping function for the speaker. The precision of the set of “best” slopes

of course depends on how many points we initially chose to search. It is obviously a costly opera-

tion, since we need to perform recognition for as many slopes as we have selected.

As an attempt to decrease this cost, we can choose a coarser grid of values. The search results in a

set of “best” slopes subject to much greater quantization errors, because we search over a sparser

grid. A finer grid certainly results in better performance, but we expect the weights we find with

MDLR not to be much affected by a coarser search space.

In order to verify this claim, we have run experiments comparing the recognition results we obtain

with the exhaustive search over a grid of 21 points and another sparser one of 5 points. We then

employed MDLR to find weights from sets of “best” slopes estimated with each grid. Results are

reported on Table 8.

As expected, the recognition result for a sparser grid resulted in degradation in performance for the

exhaustive search. However, the use of a coarser grid with MDLR results in word error rates which

are not statistically significantly different. A finer grid implies a higher computational cost. With

MDLR, one can search a sparser grid without degradation in performance. Therefore we do not

need to incur in more computational cost.

Points in the grid Exhaustive search MDLR

21 28.3 29.7

5 29.7 29.9

Table 8.Comparison of the influence of the coarseness of initial values on the estimation of
weights. The exhaustive search presumes availability of transcriptions. The estimation of weights
was performed using a set of speakers not used for test. A coarser grid results in no deterioration in
performance for MDLR.
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Moreover, MDLR allows us a complete independence between the set of speakers where the initial

exhaustive search is performed and the set where recognition is to be performed. Exhaustive

search by itself requires several runs of recognition on the test set, or at least some sort of maximi-

zation of likelihood over several warped instances of each utterance in the test set to be performed.

MDLR allows for a much simpler scheme of normalization with slight degradation.

Regarding the results on Table 8, the word error rate relative to exhaustive search has the addi-

tional constraint that the best slope for each speaker was selected based on word error rate, which

implies knowledge of the transcriptions. Of course this is not a realistic assumption, because if we

know the transcriptions there is no need for recognition. However, these numbers can be consid-

ered as the best case, that is, the numbers we would obtain if the selection of slope for each speaker

was perfect. The numbers for MDLR on the other hand follow a realistic assumption that tran-

scriptions are not available for the test set, whereas they need to be available for some development

data where the “best” slope for each speaker is to be found.

Yet exhaustive search seems to provide gain over MDLR, at least when a finer grid is used for

search of the optimum slope. The question arises as to whether MDLR could realize the same

potential of the exhaustive search. We have examined the slopes generated by linear regression

when we vary the set of weights , , etc. for some speakers. The solution we find with

MDLR corresponds to one point in this space. Varying the weights, we can see how much variabil-

ity we can obtain for the slopes and therefore how potentially different the solutions found with

MDLR will be. We plotted the slopes across weights for a typical speaker on Figure 15.

We can see from this plot that the slope does not vary much in this space. There is some variation

which provides the improvement produced by MDLR, but not as much as to potentially realize the

improvement brought about by exhaustive search, provided the exhaustive search is performed on

a detailed enough grid.

W1 W2
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4.8. Revisiting shapes of warping functions

In the process of optimizing for the features and shapes of warping function, we started by choos-

ing a set of features, guided by intuition more than any scientific criterion. With this choice of fea-

tures, we explored different shapes of warping functions, and with the optimal shape, we searched

for the optimal combination of features. It might be the case that this optimal combination of fea-

tures results in a different choice of optimal shape of warping function. Therefore, we need to

benchmark the previous choices of warping function so as to account for the changes in features.

Initially, we used the combination of medians of F1, F2, and F3. For this new set of experiments,

we have use the combination of the minimum of F1 and medians of F1 and F2 based on the results

presented on Section 4.7.2. The shapes are the same utilized in Section 4.3, except of course that

we do not need to benchmark the warping function defined on mapping of equal areas of histo-

grams. Results are presented on Table 9.

Even though our experiments have led us to use a different set of features from the set used ini-

tially, we still find no statistically significant difference among most of the different warping func-

tions we tried. In fact, we find a slight advantage to the specific warping function for which we

optimized the set of features. This slight advantage, however, does not guarantee a much better

performance with any particular warping function. Therefore, our initial conclusion that the shape

of the warping function is not relevant still holds.
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Figure 15.Slopes obtained for speaker vmh0 when varying W1 keeping W2 fixed. Curve
shows little variation of possible slopes, thus showing limitation of MDLR.
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4.9. Gender normalization

The need for estimation of formants for each speaker might still impose a computational cost

beyond the acceptable for some applications. On the other hand, automatic labelling of an utter-

ance according to the gender of the speaker who produced it is fairly cheap and accurate.

Moreover, it has been noted in Section2.5.1 that the distribution of speaker specific parameters

typically follows a bimodal distribution with the modes roughly corresponding to different gen-

ders. Speaker specific parameters, when grouped together by gender, clearly define distributions

with different modes. In that section, the speaker specific parameter was the slope of a linear warp-

ing function. Acero [1] presents a similar result for the parameter when the warping function is

based on the bilinear transform.

The issue of computational cost and the observation of the bimodal distribution of speaker-specific

parameters have led to the idea of using only two warping functions, one for each gender. Gender

normalization precludes the need for formant estimation, thus greatly reducing cost. Gender nor-

malization uses one of two different warping functions defined in advance rather than a speaker

specific one computed from a speaker’s acoustic characteristics. Linear warping functions require

that two slopes be estimated, one for each gender. In order to estimate them, we first computed the

Warping function Datapoints WER

Baseline — 38.0

Affine ( ) Medians 30.4

Affine ( ) Medians + Origin 29.6

Linear ( ) Medians 29.4

Normal-deviate Medians 31.2

y ax b+=
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Table 9.Word error rate (WER) for normalization using the optimal combination of minimum of
F1 and the medians of F1 and F2 and several different shapes of warping function. Complexity of
implementation and benefit to performance again point to the linear function as the optimal choice
for the shape of a warping function.

α
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slopes from formants of speakers in the training set. We then considered speakers of each gender

separately, and computed the medians of slopes of speakers of each gender. These medians were

used as the slopes of the gender specific warping functions.

Computational cost is a more important concern during the testing stage, and the computational

cost of the training stage is usually not of utmost importance. This flexibility allows for the use of

speaker-specific normalization of the training data rather than gender normalization, even if the

computational cost is an issue. A question that might be raised is whether different normalization

schemes during the training and testing stages might lead to degradation in performance, or

whether any normalization during training is necessary at all.

A related issue concerns the use of gender-specific models. In all experiments reported so far, we

have used a single set of generic HMMs, created from speech from speakers of both genders. An

alternative would be to use gender-specific models, that is, decoding speech from a male speaker

using a set of HMMs created from speech from male speakers only, and similarly for female

speakers. There is less variability among male speakers and among female speakers than if we

consider all of them together. However, we have more data if we pool speech from all speakers

when we create models. We need to assess if this trade-off between variability and amount of data

is beneficial and how it compares to gender-specific normalization.

We have run experiments investigating these issues. Experiments were performed on Resource

Management (RM1). Originally, this database contains roughly twice as many males as females.

In the experiments reported in this section, we have used the same number of male and female

speakers so that differences in results could be directly attributed to differences in gender rather

than in the amount of data used to create models. Linear function was employed as the warping

curve in all experiments. Results are reported on Table 10.

Regarding gender normalization, results show that measurable improvement in performance is

achieved with gender normalization even if no normalization is employed with the training data.
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Normalization also of the training data results in improvement which is statistically significantly

better. Gender normalization therefore provides improvement, and its potential can be fully real-

ized only when normalization is performed on all the data.

These results also show that gender generic models with gender normalization outperform gender

specific models. This result shows that normalization has been effective in bringing closer the

speakers from both genders. This effectiveness allows us to use all available date to produce one

single and arguably better set of HMMs.

4.10. Normalization on narrowband speech

In this section, we report on experiments using narrowband speech. Formants were extracted from

narrowband speech. Models were also created from narrowband speech both when we normalize

speech or not.

Formant estimation is always prone to errors. The algorithm presented on this chapter has an

intrinsic dependency on the reliability of these estimates. Therefore, conditions that increase the

chances of errors in the estimation of formants will lead to a poorer performance of the algorithm.

Training conditions Testing conditions WER(%)

Unnormalized Unnormalized 40.0

Unnormalized,
male speakers

Unnormalized,
male speakers

36.0

Unnormalized,
female speakers

Unnormalized,
female speakers

35.5

Unnormalized Normalized 36.4

Normalized Normalized 33.5

Table 10.Recognition results for gender normalization on RM1. The same amount of data was
used for male and female speakers in all cases considered. This effects the results for no
normalization to be slightly different from other results presented on this Thesis.
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Formant frequency estimation is usually achieved by estimating the spectrum of a frame of speech,

finding the peaks, and selecting some of them. Two potential problems are the presence of noise

and the bandlimiting of speech, for example. These two conditions affect the process of formant

frequency estimation differently.

Additive noise signals such as music or competing speech will add peaks to the spectrum. The esti-

mation of spectrum as well as the location of peaks might be perfectly achieved, and yet the for-

mant frequency estimates would not be reliable because the peak picking stage will likely select

peaks introduced by the disturbance.

Bandlimited speech, particularly telephone speech, will cause the spectral estimation stage to be

affected. Frequency components in the higher range of the spectrum will be attenuated, so peaks at

the higher end might not be located accurately. Moreover, the peak picking stage might locate a

peak below the first formant or between two formants, therefore selecting the spurious peak as a

formant and shifting all formants upwards. Consequently, bandlimited speech, while in theory

affecting only the extremes of the spectrum, can actually cause estimates of all formant frequen-

cies to be wrong.

In the experiments reported in this section, we have artificially bandlimited speech by filtering it

through a simulated telephone channel. Formants were extracted from the filtered bandlimited

speech and normalization performed with statistics collected from these formant estimates.

Models for narrowband speech were created from narrowband speech. The issue of cross condi-

tions, that is, of differences in channel and environment in the training and testing data, was exam-

ined by Acero [1] and Moreno [49]. They have shown that the best performance is achieved when

the environments of the training and testing data match. We have run preliminary experiments

wherein we recognized narrowband speech with models created from wideband speech, and rec-

ognition results are so much worse than when training and test data are similar that comparisons

are meaningless.
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The issue of influence of reduced bandwidth on the performance of the normalization algorithm

has been examined, and results are presented on Table 11.

The performance of the recognition engine degrades when we use narrowband speech rather than

wideband speech, as expected. However, normalization provides improvement in both cases. The

improvement achieved through normalization is not as high as the one with wideband speech

though. This is not a surprise since extraction of formants is affected by bandlimiting. This effects

changes in the distributions of formants thus causing deviations to the features.

4.11. Conclusions

In this chapter, we presented a technique for speaker normalization which employs speaker spe-

cific features to define a warping function. Features determine points on a plane, which we fit to a

curve thus defining the warping function. We studied several shapes of functions, concluding that a

linear warping function captures most of the information necessary to accomplish speaker normal-

ization. We examined several choices of features and their influence on the performance of the rec-

ognition system. This influence was examined taking each feature separately, as well as in

combination. We presented techniques to select a subset of optimal features from a larger set, as

well as a technique to find optimal weights given a set of features. These techniques use a similar

approach based on comparisons between estimates provided by linear regression and slopes found

through exhaustive search. We have found that both an optimal set of features and an optimal set of

Model Test data Baseline Normalized

Wideband Wideband 38.0 29.4

Narrowband Narrowband 46.8 41.9

Table 11.WER in narrowband speech. Speech was filtered through a simulated telephone channel.
Normalization was applied to both wideband and narrowband speech. In both cases, a linear
function fitting the minimum of F1 and the medians of F1 and F2 was used as warping function.
Features have been computed from narrowband speech for experiments with narrowband speech
and accordingly with wideband speech.
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weights for arbitrarily selected features bring improvement in recognition performance. A combi-

nation of these approaches, that is, optimal set of weights for an optimally selected set of features,

however, does not bring improvement as compared to either method applied separately, since they

both use the same criterion of optimality. Gender normalization was also examined as a simplifica-

tion of speaker normalization. Gender-generic HMMs created from gender normalized speech out-

performs gender specific models, thus showing the effectiveness of the presented technique for

gender normalization. The effectiveness of the algorithm was also examined with bandlimited

speech. Normalization was shown to perform well even under this constrained condition.
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Chapter 5
Normalization Applied to Large Vocabulary Tasks

5.1. Introduction

In this chapter, we explore issues related to differences in performance when the speaker normal-

ization is applied to different tasks. These issues have to do with implementation details or with

peculiarities of the task.

So far, we have been using the Resource Management (RM1) database, which has been recorded

under controlled conditions. Enough data from each speaker are available, and these data have

been recorded under excellent audio conditions. Beside these facts, the vocabulary size is small,

thus rendering the search during recognition much smaller.

The tasks we use for comparison are the Wall Street Journal (WSJ) and Broadcast News (Hub 4)

databases, described in Sections 3.3.2 and 3.3.3 respectively. In this chapter, we explore differ-

ences by imposing artificial constraints in the databases. For example, we make use of a small

amount of speech from each speaker on RM1 so as to simulate this limitation from Hub 4. With

these simulations, we attempt to assess the effects on performance of these less than ideal condi-

tions on different databases.

WSJ has also been recorded under good audio conditions, although the number of speakers and the

vocabulary size as well as the total amount of data are much larger. These differences make WSJ a

more realistic database than RM1, although a more difficult one under the point of view of the rec-

ognition system.

Hub 4 has been recorded from broadcast radio and TV. Therefore, there is no control over who the

speakers are or how much data come from each speaker. Also, recording conditions vary both in

channel and noise level or quality. All this variability makes Hub 4 a much more difficult task.
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The first issue we examine regards the joint use of speaker normalization and adaptation. Normal-

ization attempts to reduce variability between speakers by modifying speakers towards a common

standard one. Adaptation attempts to reduce the differences by modifying models to make them

more closely resemble the individual speaker. We study the possible benefits of joining these two

complementary approaches.

WSJ and Hub 4 are much larger tasks than RM1. We studied how this difference affects the perfor-

mance of the normalization algorithm. We have concentrated these studies on WSJ, since we have

control over how much data is available from each speaker on this database.

Regarding the amount of data, WSJ has a much larger number of speakers than RM1 and a much

larger amount of data per speaker. These differences influence the relative improvement in perfor-

mance achieved by applying speaker normalization as well as whether normalization of the train-

ing data is essential or only beneficial. A larger number of speakers produces broader output

distributions in the HMMs, thus increasing the probability of match between a new speaker and

the ensemble of speakers in the training set. Reduction of variability achieved by speaker normal-

ization has a less dramatic effect in this situation. On the other hand, more data per speaker has the

opposite effect of producing narrower output distributions. Normalization of the training data

reduces variability between speakers, thus resulting in less well tuned models.

On WSJ tasks, we employ a dictionary much larger than that used on RM1 tasks. The use of a

smaller dictionary implies a smaller search space for the decoder. In this new search space, effi-

cient normalization transforms the original data so that the correct path has higher likelihood than

wrong paths for a larger number of sentences.

However, our objective is to reduce word error rate in general and not simply to make recognition

results with normalization better than without normalization. Limiting the vocabulary, we might

make the relative improvement larger. Yet, the absolute performance will probably be smaller if

we use a larger dictionary. On a related matter, Schwartz et al. [68] report that for databases
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recorded over more general conditions, the use of as much speech as possible, regardless of the

quality, results in better models. We need to assess how normalization can benefit our system if we

make use of an otherwise optimal system.

On Hub 4, there is no control over how much data we can use from each speaker. If we consider it

on a sentence-by-sentence basis, some of these sentences are very short. We have attempted to

assess the relevance of having less speech from a speaker by running a controlled experiment on

RM1 where we varied the average amount of speech from each speaker. We also studied possible

relations between sentence duration and performance improvement for RM1 and Hub 4.

A related matter regards clustering of speech data that have arguably been uttered by a single

speaker. On Hub 4, we do not have information about where utterances begin or end, neither do we

have knowledge of who the speakers are. We attempt to assess the effects of this lack of knowledge

by restricting normalization, on RM1, to be performed on a sentence by sentence basis rather than

on all utterances by a speaker. We further compare results obtained when we cluster segments on

Hub 4 in an attempt to use as much data with similar acoustic characteristics as possible.

5.2. Experimental conditions for differ ent tasks

5.2.1 Warping function

The normalization algorithm makes use of speaker specific features to define points on a plane.

These points define a warping function, which is used to accomplish speaker normalization. In

experiments reported in this chapter, we use an affine warping function  to fit the

points defined by the minima and the medians of the three first formants F1, F2 and F3. As con-

cluded in Section 4.3, the specifics of the warping function are not relevant. We have chosen this

function for compatibility with experiments performed in other databases. The combination of

minimal points and medians was among the top combinations optimized according to Section

4.7.1. One of the conclusions of Section 4.7.2 was that optimization of weights was not necessary

if the combination of features was optimal. Therefore, we use equal weights for all features. In

y ax b+=
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some experiments on Resource Management (RM1), we used slightly different combinations of

features and warping functions. This is noted where applicable.

5.2.2 Training conditions for the broadcast news (Hub 4) task

The Hub 4 broadcast news task presents a number of conditions that cause state of the art speech

recognition systems to deteriorate in performance. Among these conditions, music and competing

speech are sometimes present in the background, narrowband channels are sometimes used, and

speech is often spontaneous or uttered by non native speakers. Also, there is no control over the

amount of speech recorded from each speaker. As a matter of fact, in the test set there is no knowl-

edge of where speech from one speaker ends and another speaker starts.

In Section 3.3.3 we present the official classification of conditions. Roughly, condition F0 applies

to clean planned speech, F1 to clean spontaneous speech, F2 to telephone speech, F3 to speech

with music in background, F4 to speech with competing speech, F5 to clean speech from non

native speakers, and FX to all other speech.

In an attempt to control the audio quality and speech mode, we limited the training set to a subset

containing speech under F0 condition alone. Moreover, we used only 8 hours of the available 21

hours on this condition so as to reduce the training cycle. The performance we achieve with this

limitation is obviously worse than if we used all data. However, we are concerned with the differ-

ence in performance between performing normalization or not.

5.3. Adaptation and normalization

In this section, we study the benefit of jointly applying speaker adaptation and normalization to the

recognition system. At a very superficial level, adaptation attempts to modify HMMs so as to make

it a more accurate statistical representation of a given speaker. Normalization, on the other hand,

attempts to modify incoming speech so as to reduce differences between a given speaker and a

canonical one. Therefore, ideally both adaptation and normalization attempt at approaching a

speaker dependent system from a speaker independent one, in one case by modifying the models
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and keeping data from speakers untouched, in the other case by modifying data from the speakers

so as to work with HMMs statistically representing only one prototypical speaker.

Both technologies tackle the same problem, but with a different approach. An issue that naturally

arises in this context is whether the joint use of adaptation and normalization can be beneficial in

terms of performance improvement.

In Section 2.6, we referred to MLLR, a popular technique of speaker adaptation. In the experi-

ments reported in this section, we used a version implemented at CMU by Parikh and Raj [55].

Adaptation was performed in unsupervised mode, that is, we have used hypothesis generated by a

first pass of recognition in the adaptation.

On RM1, however, we have been using a language weight unusually low. The reason for that, as

mentioned in Section 3.3.1, was to disable the language model. With word error rates in the order

of 40%, the use of transcriptions produced by the decoder might be misleading. For this reason,

the estimation of the parameters for the MLLR adaptation was performed using transcriptions pro-

duced by a decoder using a fair language weight of 9.5. A language weight in this range is what a

real system would require, therefore this implementation detail is more realistic than using the

same language weight we have been using throughout this work.

We have combined MLLR with the normalization technique presented in this Thesis. The warping

function used in this section is a linear function fitting the points defined by the minimum of the

distribution of the first formant F1 as well as the medians of the first two formants F1 and F2. All

points were equally weighed. Results of experiments on Resource Management (RM1) involving

combinations of MLLR and normalization are presented on Table 12.

It is easy to understand that normalization by warping function simply expands or compresses the

spectrum. The FFT coefficients after normalization are in fact a weighted average of the FFT coef-

ficients before normalization, which can be thought of in matrix terms as the multiplication of the
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vector containing the FFT coefficients before normalization by a matrix that is zero except at some

“diagonal” lines. These “diagonal” lines of course are not necessarily parallel to the main diago-

nal, but rather will depend on the slope of the warping function being used. The important issue is

that normalization can be thought of as the multiplication of a vector, the FFT coefficients before

normalization, by a sparse matrix.

MLLR on the other hand makes use of all elements of a matrix. The use of all elements of a matrix

allows for more flexibility than the use of only some lines in the matrix in that each element of the

adapted vector depends on a larger number of elements of the unadapted one. This greater flexibil-

ity explains why MLLR alone outperforms normalization when the latest is applied by itself, as we

can observe on Table 12.

When MLLR and normalization are jointly applied, however, we achieve a much greater gain than

with any of the methods alone. Even if no normalization is employed in the training set, normal-

ization still provides a gain jointly with MLLR. If normalization is applied to both the training and

testing data and MLLR is employed, the word error rate goes down by a sizable amount.

Although the two methods tackle the same problem, the approaches are different. Neither of the

methods is perfect. Even though speaker normalization and adaptation are successful in reducing

Adaptation/Normalization WER(%)

Baseline 38.0

Adaptation only 28.2

Normalization only 29.4

Adaptation and Normalization 23.8

Table 12.Word Error Rate (WER) on Resource Management (RM1) for experiments involving
combinations of speaker adaptation and normalization. Adaptation was implemented using MLLR
in unsupervised mode whereas normalization was implemented with a linear function fitting points
defined by the minimal point of F1 and medians of F1 and F2 with equal weights.
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speaker variability, differences still persist. MLLR attempts to reduce differences by maximization

of likelihood. The method presented on this Thesis utilizes a different criterion based on acoustic

characteristics of speakers alone. The difference in optimization criteria provides a gain when the

methods are jointly applied.

We also employed the combination of speaker adaptation and normalization on WSJ. In this case,

the warping function for the normalization was implemented through an affine function fitting the

set of 7 points defined by the origin and the minimal and median points of the first three formants.

All points were equally weighted. Adaptation was unsupervised, i.e., a first run of recognition was

deployed and the hypothesis transcriptions were used in the adaptation step. Results are presented

on Table 13.

The results presented on Table 13 show that the combination of adaptation and normalization is

also successful on WSJ. The overall combination did not result in as much improvement as was the

case with RM1.However, most of this difference is due to the fact MLLR did not perform as well.

We did not attempt to optimize MLLR since our interest was restricted to finding whether a the

combination of techniques would be helpful. In fact, the combination of techniques does bring

improvements over applying only either one of them.

Adaptation/Normalization WER(%)

Baseline 11.7

Adaptation only 11.4

Normalization only 10.9

Adaptation and Normalization 10.5

Table 13.Word Error Rate (WER) on Wall Street Journal (WSJ) for experiments involving combi-
nations of speaker adaptation and normalization. Adaptation was implemented using MLLR
whereas normalization was implemented with an affine function fitting points defined by the mini-
mal and median points of F1, F2, and F3 with equal weights.
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5.4. Normalization applied to the training data

In this section we examine whether there is a need to apply normalization to all available speech,

including training and test data, or whether normalization to the test data alone is enough to

achieve improvements using this technique.

We have run experiments on the three databases RM1, WSJ, and Hub 4 comparing the scenarios of

normalization on the test set only and on all data. Results of this comparison are presented on

Table 14.

In all experiments in this section, the warping function was an affine function fitting the set of 7

points defined by the minimal points in the distribution of the three first formants, the medians of

the three distributions, and the origin of the coordinate system. All points were weighed equally.

This combination of features gives slightly better results than a mere combination of the medians

of the three first formants as pointed out in Section 4.7.1.

On RM1 and WSJ, normalization was performed on a speaker basis, i.e., all speech available from

a speaker was utilized to estimate the distributions of formants of the speaker.

On Hub 4, we have no information about who the speakers are. We have performed normalization

on a segment basis. A large file with 30 minutes worth of speech was segmented into small parts,

and these segments were used for recognition, as well as for the estimation of distribution of for-

mants. Segments were assumed to be independent, that is, not uttered by the same speaker.

In addition to this, we have created models for Hub 4 not from all available speech, but from a sub-

set of the available speech labeled as clean and planned, for reasons mentioned in Section 5.2.2.

On Table 14 we present results for this condition, clean planned speech, which is referred to as

condition F0, alone.

On RM1, we observe that the normalization, when performed only on the test set data, is beneficial
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as compared to no normalization at all. However, normalization of the training set data provides

further measurable improvement, thus implying that for this task normalization of all data is bene-

ficial.

Ideally, normalization would eliminate all speaker specific differences. Therefore, if speaker nor-

malization were perfect, we would expect all speakers to be mapped exactly to one standard

speaker. Essentially, this would transform a speaker independent system into a speaker dependent

one, where the standard speaker is the only speaker for whom the system was trained. Therefore,

ideally, the scenarios of normalization on training and testing data as opposed to normalization of

the testing data alone can be thought of as a comparison of performance of the standard speaker

with a speaker independent and a speaker dependent systems. In this context, it does not surprise

that normalization of the training set outperforms the other alternatives.

On WSJ, we observe that if models created from speech with no normalization are used, the per-

formance achieved with normalization of the test data as compared to no normalization is not sta-

tistically significant. However, normalization of cepstra used for training allows us to create

models which are statistically significantly better if used in conjunction with normalization on the

test data. Statistical significance was measured with the standard matched pairs test provided by

NIST.

Normalization of cepstra WER (%)

Train Test RM1 WSJ Hub 4 (F0)

No No 38.0 11.7 31.4

No Yes 32.5 11.6 28.6

Yes Yes 30.4 10.9 28.7

Table 14.Comparison of performance when normalization is applied to speakers in the training set
and testing set or in the testing set alone. The warping function is an affine function fitting points
defined by the minima and medians of the three first formants plus the origin, with equal weights.
On RM1 and WSJ normalization was performed on a speaker basis. On Hub 4, it was on a sentence
basis. Moreover, on Hub 4 the results concern the focus condition F0 (clean planned speech) alone.
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On Hub 4, we note that normalization in fact brings improvement as compared to no normaliza-

tion. However, normalization of speakers in the training set does not seem to be relevant. If nor-

malization is applied to speakers in the test set, there is no statistically significant difference

between the results obtained when normalization is applied or not applied to the speakers in the

training set.

These experiments show that normalization is in fact effective in all tasks considered, however, to

different degrees. On RM1, normalization of the training data is not essential but it helps. On WSJ,

it is essential. On Hub 4, it is irrelevant. This difference in how normalization benefits performance

in different tasks invites further investigation that takes into account the differences in design of

the databases. RM1 contains only speech recorded under excellent audio conditions, and the num-

ber of speakers as well as the vocabulary size are fairly small. WSJ differs from RM1 essentially

on the number of speakers and on the dictionary size. Hub4 differs from the previous tasks on sev-

eral issues, worth mentioning the amount of speech from each speaker, and the lack of knowledge

about speaker identification or even speaker change. In the following sections we explore these

issues to reach an understanding of the differences in performance raised in this section.

5.5. Tasks with similar recording conditions

We investigate in this section the possible reasons for the difference in performance of the normal-

ization algorithm when applied to RM1 and WSJ. These differences are the relative improvement

brought about by the normalization and the fact that normalization of the training data seems to be

essential to WSJ, as opposed to being nothing but helpful for RM1. We attribute these differences

mainly to the vocabulary size, the number of speakers, and the amount of data per speaker.

As we can see from Table 14, the improvement obtained on RM1 is much larger than that on WSJ

or Hub4. A direct comparison between RM1 and Hub4 would not shed much light onto the rea-

sons for this discrepancy, since the tasks differ so much. However, we can try to understand some

of these reasons by comparing RM1 and WSJ.
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RM1 and WSJ have been recorded under very similar conditions, with speakers reading from a

prepared text, and speech is recorded using close talking microphones in a quiet office environ-

ment. Speakers were neither professionals nor naive speakers

The main differences between RM1 and WSJ regard the number of speakers, the amount of data

per speaker, and the vocabulary size. Of course there are other differences, like the complexity of

the texts, and therefore of language models, which contribute to differences in the baseline perfor-

mance. However, we intend to investigate reasons why the relative improvement resulting from the

speaker normalization differs, thus our choice to restrict the issues investigated to speaker and

vocabulary issues.

RM1 has 120 speakers in the training set, whereas WSJ has 284. The RM1 system uses a dictio-

nary with around 1000 words, whereas the WSJ system employs a dictionary with more than

20000 words. The effects of these differences are investigated next.

5.5.1 Influence of the number of speakers

In this section, we study how the number of speakers and the amount of data per speaker can affect

the need for normalization in the training set. In order to study it, we have created two sets of

HMMs. One of these sets was created from a subset of WSJ containing only 124 speakers, and the

other set with all 284 speakers. We limited the amount of data for these 284 speakers so that the

total amount of speech for both sets was roughly the same. We have also employed another set of

models created from all available data from all 284 speakers. Results are presented on Table 15.

Although differences are not large, this experiment suggests that normalization provides more

improvement for a system trained with a set of speakers with less speakers. The relative improve-

ment is around 8% in the system trained with a set containing 124 speakers and around 5% in the

system trained with a set of 284 speakers using half the available data. When the amount of data is

the same, normalization seems to be more effective. Both differences are statistically significant,
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although with different levels of confidence, namely less than 1% for the former and 2.6% for the

latter.

A possible reason for this difference in performance for systems trained with different number of

speakers is that the output probability density functions (pdfs) of the HMMs are going to be more

spread out if the models are created from a larger number of speakers. This smearing occurs as a

consequence of the spreading of acoustic characteristics we encounter in a larger set of speakers. A

new speaker presented to the system will cause the system to have a worse performance if this new

speaker has characteristics very dissimilar to the average speaker in the training set, since there is a

tendency for speech from this speaker to be located in the tails of the output pdfs. This degradation

will be worse if the output pdfs are sharper, and this will be the case if the models were trained

from fewer speakers.

On the other hand, we can see that if we have a large amount of data for each speaker, normaliza-

tion of the training data is essential. Normalization seems to work well if the HMMs are trained

with a smaller amount of data per speaker, regardless of normalization of the training data. A

larger number of speakers results in HMMs less well tuned to any particular speaker. The system is

Normalization of cepstra
Number of speakers in the training set /

(Amount of data per speaker - total available = 1)

Training Test 124 (1) 284 (1/2) 284 (1)

No No 12.5 12.1 11.7

No Yes 12.2 11.6 11.6

Yes Yes 11.5 11.5 10.9

Table 15.Word error rate for Wall Street Journal with different number of speakers in the training
set. The data used for training was constrained so that the sets of speakers in the first two columns
had roughly the same amount of speech, roughly half as much as in the last column. The overall rel-
ative improvement between no normalization and normalization of both training and testing data is
8% for models created with 124 speakers, 5% for models created with 284 speakers using half the
data, and 7% with 284 speakers using all the data. Difference is significant in all cases. Normaliza-
tion of the training data becomes irrelevant when less data is available per speaker.
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farther from a speaker dependent one in that the performance will not be the best possible for any

particular speaker. However, a new speaker presented to the system will achieve a reasonable per-

formance. On the other hand, more data per speaker will cause the opposite effect, resulting in

HMMs more well tuned to the speakers in the training set.

Normalization reduces variability between speakers. If the models are not well tuned to a set of

speakers, normalization will have little effect in performance. If the models are somehow well

tuned, normalization will help, in that normalization of the training data will approximate speakers

on the training set an average speaker, the same to which normalization will approximate a new

speaker.

Speaker normalization is an attempt to reduce variability between speakers. If this attempt is suc-

cessful, its effect will be felt less dramatically on a system trained from more speakers than on a

system trained from fewer speakers because the latter has a tendency of performing worse for a

generic new speaker. This effect, although less dramatic, will only be achieved when normaliza-

tion is also performed to speakers in the training set if the amount of data per speaker is very large.

If the amount of speech per speaker is small, normalization is beneficial even when applied to the

test set alone.

5.5.2 Effects of vocabulary size

In this section we study the influence of dictionary size on the performance of a system. Instead of

using a typical dictionary for this task, containing around 20000 words, we have created a dictio-

nary containing only words present in the test set. Moreover, this dictionary contained all words

from the test set, that is, the system had no out of vocabulary (OOV) words. In general, the pres-

ence of OOVs in the test set causes degradation in performance because the system is restricted to

finding a match for the acoustic signal from words in the dictionary and, since the correct word is

not there, any outcome will be a failure. Experiments using this dictionary will obviously measure

the influence of the vocabulary size as well as of OOV. However, we reason that the effect on the

search of a dictionary with no OOVs is the same as of a smaller number of words, since we just
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reduce the search space. A well designed dictionary will have a small percentage of OOVs in any

case. Therefore, our conclusions will hold true in any case.

Additionally, the language model weight plays a role in the word error rate achieved with a system.

To assess it, we have compared two different scenarios. In one of them, we have set the language

model weights so that the word error rate with no normalization would be the same for all tasks

and all dictionary sizes. Since the baseline numbers are the same, a comparison between improve-

ments is more easily accomplished. In the second scenario, the language model weights are set to

realistic numbers, i.e., language weights that would actually be used in a real system, Results for

the first scenario, with the same baseline word error rates, are presented on Table 16. Results for

the second scenario, realistic settings, are presented on Table 17.

In both scenarios we can clearly see that normalization performs comparably well on RM1 and

WSJ2k dict,, which are both small vocabulary systems, and in both cases normalization performs

better than on WSJ 20k dict, which is a larg vocabulary system. The smaller dictionary affects the

performance because it decreases the search space. An HMM based system concatenates models

Normalization of cepstra
WER(%)

WSJ - 2k dict WSJ - 20k dict RM1

No 11.7 11.7 11.7

Yes 9.5 10.9 9.6

Improvement (%) 18.8 6.8 17.9

Table 16.Word error rate comparing systems with different vocabulary sizes. Wall Street Journal
was decoded with a small dictionary of 2000 words and a large vocabulary of 20000 words. The
small dictionary was derived from the test set, thus the system has no out of vocabulary (OOV)
words. The language model weight was set so the baseline WER would be the same for all tasks.
The language weight is 0.31 for WSJ with a 2k dictionary, 9.5 for WSJ with a 20k dictionary, and
4.85 for RM1. Normalization results in statistically significantly better performance in all cases.
Normalization was performed with an affine function fitting the minimal points and the medians of
the three first formants.
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of phonetic or subphonetic units so as to assemble the words contained in the dictionary. If the dic-

tionary is larger, the system will have to look for a larger number of alternatives. In other words,

with a larger dictionary the decoder will have to follow a larger number of paths defined by the

concatenation of a larger variety of models, and this superset of paths might include paths contain-

ing wrong words with higher likelihood than the path with the correct sequence of words. The rec-

ognition engine will commit an error if it assigns a higher probability to a sequence of words

containing an incorrect word. We might happen to eliminate this incorrect word when we decrease

the dictionary size, thus rendering this wrong sequence of words inexistent.

Moreover, the acoustic observations of the normalized and unnormalized speech will be slightly

different, so the probabilities assigned to the same sequence of words will be slightly different.

Better acoustics will cause the correct sequence to have higher probability. When we reduce the

dictionary, we throw away incorrect words, but the observation with worse acoustics might still

lead to another sequence of words containing incorrect words, whereas the observation with better

acoustics will cause the correct sequence of words to be assigned highest probability. The results

reported above suggest that normalization indeed results in better acoustical models.

5.6. Issues related to availability of speaker specific data

In this section, we examine how the improvement brought about by normalization varies with the

Normalization of cepstra
WER(%)

WSJ - 2k dict WSJ - 20k dict RM1

No 2.9 11.7 6.6

Yes 2.5 10.9 5.5

Improvement (%) 13.8 6.8 16.7

Table 17.Word error rate comparing realistic systems with different vocabulary sizes. Wall Street
Journal was decoded with a small dictionary of 2000 words and a large vocabulary of 20000 words.
The small dictionary was derived from the test set, thus the system has no out of vocabulary (OOV)
words. The language model weight was set to 9,5 for al tasks. Normalization was performed with
an affine function fitting the minimal points and the medians of the three first formants.
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amount of data available for each speaker. Although this issue is not relevant in the context of

RM1 or WSJ tasks, the fact that we have enough data for each speaker in these databases allows us

to control the amount of speech we utilize in the normalization process.

The normalization process involves estimation of formants, of histograms representing the distri-

bution of these estimates, and of statistics from these histograms. As in any statistical approach,

having too little data might lead to skewed estimates of the medians, means, minimal points, etc.

Moreover, we do not attempt to restrict the collection of formant estimates to any particular pho-

neme. Doing so would require a run of decoder so as to segment the incoming data, i.e., so as to

locate the different phonemes in the incoming utterances. We thus rely on a distribution which will

contain data from as large a variety of phonemes as possible. Shorter utterances will have fewer

phonemes. The distribution of formants taking into account only the phonemes present in short

utterances are therefore likely to be biased.

We investigate how limiting the amount of data available affects normalization. To approach this

issue, we perform normalization on a speaker-by-speaker basis using increasing amounts of data

for each speaker. Statistics were computed on increasingly larger subsets of the total amount of

speech available per speaker, and at each step all speech from each speaker was normalized based

on statistics computed from these subsets subsequently. Therefore, we assess the minimum

amount of data needed for normalization to be effective.

We have performed these experiments on RM1, where we have complete knowledge about who

the speakers are and control over how much speech we employ from each one. We compare these

results with those obtained with Hub 4, where we have no knowledge of speaker identification, and

are thus restricted to performing normalization with however little speech we are given. The com-

parison is accomplished by measuring the duration of segments and computing the average word

error rate for subsets of segments with similar duration.
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In an attempt to cope with segments of short duration on Hub 4, we studied the possible benefits of

clustering segments together. Ideally, clustering would group different segments uttered by the

same speaker in the same cluster. However, clustering is automatically performed. Segments from

different speakers can be grouped in the same cluster. Moreover, it is not guaranteed to produce

cluster with enough data per cluster. We examine the results obtained in our experiments.

A comparison between RM1 and Hub 4 only makes sense if we restrict it to the focus conditions

on Hub 4 which have similar acoustic characteristics to RM1. Therefore, our comparisons are

between RM1 and the focus conditions F0 and F1 on Hub 4.

5.6.1 Amount of data needed for normalization

In this section, we investigate the issue of how little data would be enough on average for the nor-

malization to be effective. So far, we have been using as much data from each speaker as we can.

We do not have a clear sense, however, of whether the amount of data we have been using is more

than necessary or whether we could still have further improvements if we had more data. To study

this issue, we computed features from distributions of formants extracted from increasingly larger

amounts of data. With these features, we performed normalization and analyzed the results.

Figure 16 displays the results of these experiments. Normalization was implemented with a linear

warping function fitting points defined by the medians of the distributions of the first three for-

mants F1, F2, and F3. Weights were chosen with MDLR. We used an increasing number of sen-

tences per speaker. Features, that is, the medians of the distributions of formants, were computed

from these subsets of sentences subsequently. The average total duration of speech used in each

case, i.e., the average over speakers of the amount of speech employed for each speaker, is dis-

played on the panel, together with the resulting word error rate.

These results show that improvement in performance achieved with speaker normalization reaches

a stable level when the average amount of data from each speaker reaches around 12 seconds of

speech. This observation suggests that this amount of speech on average would be enough to reach
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saturation in the benefit achieved with normalization. The best case, that is, the speaker for whom

the least speech was necessary to achieve saturation in performance improvement, required 1.2

seconds of speech, whereas the worst case required 114 seconds. Saturation in performance in this

context means that the word error rate reaches a range within 10% of the word error rate obtained

when all speech is used.

5.6.2 Normalization on short duration sentences

In this section, we present results concerning relation between sentence or segment duration and

relative improvement in performance. Section 5.6.1 suggests that speaker normalization will per-

form poorly with short segments. For most segments extracted from Hub 4, we cannot select

increasingly larger amounts of speech to perform a similar experiment since most segments are

already very short. However, we can measure durations of segments and the word error rate with

and without normalization. For comparison purpose, we performed a similar measurement on

RM1.

Figure 17 shows the relative improvement in performance for segments of different duration. The

improvement considered on this panel refers to relative variation of the average word error rate

(WER) of sentences whose duration lies within a certain interval.

We have performed similar experiments on Hub 4. We have limited the study to focus conditions
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Figure 16.Word error rate on Resource Management (RM1) when normalization is per-
formed based on features computed from varying amounts of speech. The features are the
medians of the three first formants with weights set using MDLR. Normalization was
implemented with a linear warping function.
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containing only clean speech. Figure 18 presents results for focus condition F0, clean planned

speech, whereas Figure 19 presents results for F1, clean spontaneous speech.

Sentences of less than one second of duration are usually one-word sentences, for which the WER
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Figure 17.Relative improvement in WER on RM1 sentences. WER was computed as the
average WER for sentences whose duration lies within a certain interval.
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Figure 18.Relative improvement in WER on Hub 4 - F0 sentences. WER was computed
as the average WER for sentences whose duration lies within a certain interval.
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Figure 19.Relative improvement in WER on Hub 4 - F1 sentences. WER was computed
as the average WER for sentences whose duration lies within a certain interval.
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does not bear a meaningful value. The initial point in each of these panels is not very meaningful

for this reason. However, we can see the tendency in all three tasks for the normalization to not

work well for short utterances which last for less than five seconds. On the other hand, the algo-

rithm works on longer utterances, providing improvements on average.

We hypothesize that the reason why the normalization fails for very short segments is related to the

contents of the utterance rather than to acoustic characteristics. The best warping function for a

given speaker would arguably be the same no matter how short the utterance is. If we can not

achieve the same gain in performance when less data are available, it is because the features which

define the warping function have been affected. The features defining the warping function are

based on statistics computed from distributions of formant estimates. Very short utterances do not

have a large variety of different phonemes. Consequently, the distribution produced by estimating

formants from these utterances will be biased towards some frequency bands.

The standard speaker has been defined as an average over a large number of speakers, each provid-

ing a fairly large amount of data. The average distribution will therefore statistically represent a

large variety of phonemes. The normalization attempts to map distributions of formants from a

new speaker to the standard speaker by mapping statistics of these distributions. If a small amount

of speech is available, these utterances will contain only a small subset of the possible phonemes.

The distribution of formants extracted from these data will be biased around the formants of that

particular set of phonemes. When we compute statistics from these biased distributions, we pro-

duce features which do not exactly correspond to the features of the standard speaker. As we

increase the amount of data, we increase the variety of phonemes in the utterance and therefore

increase the match between the set of phonemes uttered by the new speaker and the standard

speaker. We therefore expect the relative improvement in word error rate to increase as we increase

the variety of phonemes in the utterance.

Figure 20 illustrates this point. We estimated the relative improvement in word error rate, as com-

pared to the word error rate achieved with no normalization, for a collection of utterances. Normal-

ization was performed on a segment-by-segment basis. For each segment, we counted the number

of different vowels. Th ensemble of utterances from many speakers will contain a large variety of
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phonemes. Small amounts of speech will contain a smaller collection of phonemes. Therefore,

their distribution will tend to be slightly different from the average distribution. By counting the

number of different vowels, we measure this difference in the variety of phonemes. We consider

vowels only because voiced regions of speech, as well as regions where formants are more stable,

are more likely to be vowels. We can indeed observe an improvement in word error rate as the

number of phonemes increases.

Figures 21 and 22 show similar plots for the focus conditions F0 and F1 of Hub 4. We can see the

same tendency as observed on RM1. Interestingly, neither RM1 nor Hub 4-F0 have segments with

less than 4 unique vowels. Hub 4-F1, however, presents a number of utterances with less than 4

vowels, some of them with only one vowel in fact. As mentioned before, there is not much mean-

ing in word error rate in these situations. Discarding the mavericks, we can see that the word error

rates also increase with the number of phonemes, thus confirming our initial hypothesis that the

contents of the utterances affect the performance of the normalization algorithm.

5.6.3 Normalization on a cluster basis

A possible alternative to the normalization on a sentence basis in the context of Hub4 is the auto-

matic clustering of segments. Ideally, clusters would group together different segments containing

speech from a single speaker. In this section, we examine the effectiveness of such a technique.
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Figure 20.Relative improvement in word error rate for Resource Management (RM1)
utterances with different number of vowels. Normalization performed on sentence-by-sen-
tence basis using an affine warping function fitting the minimal points and the medians of
F1, F2, and F3 with equal weights.
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With RM1, we have perfect knowledge of utterance boundaries and speaker identification, making

it a good choice for a controlled experiment. We can employ each utterance separately or group

them together so that all speech from one single speaker is employed.

Of course, there are differences between the two tasks. With RM1, we know that each sentence

contains utterance from one single speaker, and we know which sentences can be pooled together

when we compute distributions of formants on a speaker-by-speaker basis. With Hub4, segments

are automatically selected. This process is not perfect, and it might render segments which contain

speech from two different speakers.
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Figure 21.Relative improvement in word error rate for segments from Broadcast News
Hub 4, focus condition F0, with different number of vowels. Normalization performed
using an affine warping function fitting the minimal points and the medians of F1, F2, and
F3 with equal weights.
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Figure 22.Relative improvement in word error rate for segments from Broadcast News
Hub 4, focus condition F1, with different number of vowels. Normalization performed
using an affine warping function fitting the minimal points and the medians of F1, F2, and
F3 with equal weights.
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Moreover, we can easily group sentences from RM1 on a speaker basis. With Hub 4, we can clus-

ter segments together, but we are restricted to automatic clustering. This automatic clustering

might join together segments containing speech from two or more different speakers, thus causing

the distribution of formant estimates extracted from these clusters to be inaccurate statistical repre-

sentations of any of those speakers.

We compare the results obtained with RM1 for recognition employing normalization on a sentence

basis to normalization on a speaker basis. These results are compared to those obtained on Hub4

with normalization on a segment basis and on a cluster basis, although keeping in mind the differ-

ences between the perfect knowledge we have on RM1 and the lack of knowledge we have on

Hub4.

With RM1, we have run experiments comparing normalization performed with features extracted

on a sentence-per-sentence basis and normalization performed with features extracted on a speaker

basis, utilizing all speech available from each speaker. The warping function is a linear function

fitting points defined by the medians of the three first formants with weights optimized by MDLR.

Results are reported on Table 18.

A comparison between normalization on a speaker basis and on a sentence basis shows that we

achieve a significant gain by using a larger amount of speech from each speaker. If we employ only

one utterance to estimate formants and compute statistics, we achieve a small benefit compared to

Normalization of cepstra WER(%)

No 38.0

Sentence basis 36.4

Speaker basis 29.7

Table 18.Word error rate (WER) on Resource Management (RM1) for normalization on a speaker
basis and on a sentence basis. Warping function is the linear function fitting points defined by medi-
ans of the first three formants. Weights are optimized by MDLR.
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no normalization at all, but not as much as if we employ all available speech from each speaker.

This result suggests that if we do not have control over how much speech we can use from each

speaker and we are forced to perform normalization on a sentence-per-sentence basis the improve-

ment in performance achieved by employing normalization will be limited.

A possible reason for this difference in performance is that the warping function we find with lim-

ited data might be far from optimal. The best warping function for each speaker is arguably the

same no matter what the utterance might be. However, if there are not enough data in the utterance

to provide reliable estimates of formants or estimates far from the speaker’s average, the warping

function for that particular utterance will be far from the ideal, thus causing the normalization not

to perform equally well on average.

We have run experiments with Hub 4 comparing the results with those obtained with RM1, keep-

ing in mind the differences in design between the two tasks. We have examined the benefits of per-

forming normalization with statistics collected from each segment individually or from

automatically generated clusters of segments as well as from clusters manually created based on

speaker identification. The segments were automatically extracted from the test data, and might be

too short to provide reliable statistics. Automatic clustering attempts to cluster segments based on

acoustic similarity. Clusters are created without using information about speaker identification.

However, automatic clustering might join together segments with speech uttered by different

speakers. Normalization per speaker eliminates this problem. However, information about speaker

identifications is not available in normal conditions in the Broadcast News evaluation. In any case,

we have no control over how much data are available from each speaker. Normalization on speaker

basis can only help is there is a large enough amount of speech from each speaker, as explained in

Sections 5.6.1 and 5.6.2. The conditions are not exactly the same as the ones for RM1, but we

expected to come to an understanding of the issues involved by the comparison.

Normalization for the experiments with Hub 4 was performed with an affine function fitting the

points on a plane defined by the medians and minimal points of the first three formants F1, F2, and
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F3, plus the origin used as a data point to a total of 7 data points. HMMs were trained using only a

subset of the speech on the F0 focus condition for reasons explained in Section 5.2.2. Results are

presented on Table 19. Statistical significance was examined within each condition. Results sur-

rounded by thick lines have no statitsically significant difference.

Regarding the results of normalization on a sentence basis and on a cluster basis on Table 19, we

see that all sets of results are very similar, contrasting greatly with the comparison between nor-

malization on a sentence basis and on a speaker basis on RM1. This difference suggests that the

automatic clustering is ineffective for normalization purposes. Segments are not guaranteed to

contain speech from one single speaker. Automatic clustering joins together these less than ideal

segments into groups that might contain speech from more than one speaker, not necessarily with

similar acoustic characteristics. Automatic clustering might as well result in clusters containing

too little speech to allow for a reliable estimation of formant distribution. These experiments indi-

cate the problems we point out render automatic clustering useless in this context.

On the other hand, normalization per speaker does help normalization. Table 20 presents a com-

parison between the best result under each condition extracted from Table 19 and speaker normal-

ization performed with speaker specific features. Segments of speech were hand selected to assure

proper clustering. The result with speaker normalization is systematically better than the best rsult

from the previous table for each condition. The overall result, not surprisingly, reflects this ten-

Normalization
of cepstra

Condition

Overall F0 F1 F2 F3 F4 F5 FX

No 47.3 31.4 39.7 73.6 54.0 42.9 62.5 67.3

Per sentence 45.5 28.7 39.4 77.1 50.3 39.3 54.0 64.0

Per cluster 45.8 28.8 38.6 76.8 52.2 39.5 55.5 66.5

Table 19.Word error rate on Hub 4 with models created from speech under F0 condition alone.
Thick borders identify results with no statistically significant difference over each condition. Nor-
malization per cluster employed clustering performed automatically.
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dency, showing that normalization on a speaker basis is better than normalization on a segment

basis. Improvement in performance therefore can be gained by better methods of segment cluster-

ing.

Particularly, it is interesting to notice that manual clustering, or normalization on a speaker basis,

did help one of the conditions much more than the others. This focus condition is defined as speech

with music in background and referred to as F3. We attempted to assess the reasons why clustering

particularly benefited this condition. Table 21 presents the number of segments on each condition

for each speaker for whom there is some speech under the F3 focus condition. We observe that for

most speakers, there is a larger number of segments under other cleaner conditions. Some speakers

have speech only under F3 condition, but these speakers have very little speech overall anyway.

We hypothesize that normalization on the focus condition F3 is affected mostly by the systematic

introduction of harmonics of music into the collection of formant estimates for the speaker. The

availability of formants estimated on cleaner conditions makes the influence of these erroneous

formant estimates less relevant. We ellaborate on this issue in Section 5.6.5.

As a comparison, we found the number of segments for all speakers for whom there is speech

under the F2 focus condition. These numbers are presented on Table 21. In this case, we can

observe that most speakers have speech only on condition F2. Contrary to the previous case, the

collection of formant estimates cannot be improved since there are no estimates of formants

Speaker normalization
Condition

Overall F0 F1 F2 F3 F4 F5 FX

Best from Table 19 45.5 28.7 38.6 73.6 50.3 39.3 54.0 64.0

Hand clustered per speaker 44.4 27.7 38.3 77.4 45.7 37.9 53.7 63.5

Table 20.Word error rate on Hub 4 with models created from speech under F0 condition alone.
First line identifies the best result extracted from Table 19. Second line represents normalization
performed with speaker specific speech. Identification of speakers and selection of speech segments
was manually accomplished.
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extracted from clean speech. Systematic errors in the estimation of formants persist when we clus-

ter segments, since these errors are present in the formant estimates of all segments.

5.6.4 Normalization on different Hub 4 focus conditions

Table 19 in Section 5.6.3 presents results regarding different focus conditions that grant further

comments. We observe the algorithm brings about an improvement comparable to WSJ on clean

planned speech, namely focus conditions F0 and F5. The normalization fails where we would

expect it to fail, namely conditions F2 and F3, which are respectively bandlimited speech and

Speaker F0 F1 F2 F3 F4 F5 FX

ABC_PRT_ANNOUNCER 0 0 0 2 0 0 0

BERNARD_SHAW 2 1 0 1 0 0 0

BYRON_MIRANDA 3 0 0 2 0 0 0

DAVID_BRANCACCIO 3 7 0 5 3 0 1

DIANE_SAWYER 0 0 0 2 0 0 0

DONNA_KELLY 7 0 0 1 6 0 1

FILE4_JANEDOE001 0 0 0 2 0 0 0

I960711P_ANNOUNCER1 0 0 0 2 0 0 0

JUDY_WOODRUFF 2 0 0 1 0 0 0

LISA_MULLINS 3 6 0 1 0 0 0

MARY_AMBROSE 6 2 0 3 0 0 4

N960715P_J_DOE001 0 0 0 1 0 0 0

NPR_MKP_ANNOUNCER 0 0 0 1 0 0 0

O960710P_JANEDOE001 1 0 0 2 0 0 2

O960710P_JANEDOE002 0 2 0 2 0 0 0

Table 21.Number of segments by each speaker under different conditions. The speakers on this
table are those for whom there was any amount of speech under focus condition F3, defined as
speech with music in background. Most of the speakers have a large amount of speech, measured as
number of segments, under clean speech conditions in addition to speech under F3 condition.
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speech with music in the background. The other conditions are less affected by the normalization,

i.e., the normalization neither brings about a measurable benefit nor fails.

Under conditions F2 and F3, the formant tracker might easily be led into false estimates. Music in

background will introduce harmonics to the signal, and the formant tracker will easily mistake

these harmonics for formants. The formant estimates in this case remain fairly constant for several

frames of speech, thus introducing a large amount of points that do not belong in the distribution.

Bandlimited speech will also cause the formant tracker to fail. Specially for female speakers, who

tend to have higher formants, it is possible that the third formant will be located in a region that is

attenuated by the channel. In this case, a systematic failure of the formant tracker will lead to poor

estimates of distributions, which will in turn result in meaningless features for normalization.

Focus condition F4 represents competing speech. Speech under F4 obviously represents a chal-

Speaker F0 F1 F2 F3 F4 F5 FX

BETSY_KEEFER 0 0 1 0 0 0 0

DAVID_SMITH 0 0 1 0 0 0 0

FILE2_JOHNDOE002 0 2 4 0 0 0 0

FILE2_JOHNDOE003 0 0 5 0 0 0 0

I960711P_JOHNDOE002 0 0 4 0 0 0 0

I960711P_JOHNDOE005 0 0 7 0 0 0 0

JOANNE_MILES 0 0 2 0 0 0 0

O960710P_JOHNDOE002 0 0 1 0 0 0 0

P960712_JANEDOE001 0 0 2 0 0 0 0

SUSAN_SWAIN 0 3 1 0 0 0 0

THOMAS_BUCKLY 0 0 1 0 0 0 0

Table 22.Number of segments by each speaker under different conditions. The speakers on this
table are those for whom there was any amount of speech under focus condition F2, defined as nar-
rowband speech. A few speakers have any speech at all under clean speech conditions in addition to
speech under F2 condition.
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lenge to the formant tracker. However, differently than speech under F3, the outliers introduced by

competing speech are not systematically around the same value. The distribution of formants will

be affected, and the fact that normalization fails to perform well confirms it, however, the influence

of outliers is not as dramatic as under F3.

Focus condition FX represents speech that cannot be classified into any of the other conditions. It

includes narrowband speech, noise in background, planned or spontaneous speech. The fact that

normalization does not work is as much within explanation as if it had worked.

We note that normalization does not seem to provide the same improvement on the focus condition

F1, spontaneous speech, as it does on F0, planned speech, although both focus conditions are con-

sidered clean speech.

As pointed out in Section5.6.2, normalization will tend to be less effective on shorter sentences.

Figure 23 displays the different distributions of segment duration for both focus conditions. The

panel includes only segments shorter than 20 seconds.

We can clearly see that F1 contain a much larger number of sentences with less than 5 seconds of

duration. Indeed, the distribution of segment duration seems completely different for both focus

conditions. F0 contains a larger percentage of longer segments than F1. Normalization tends to be

more effective on longer segments. Moreover, longer segments obviously contain more words,
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Figure 23.Distribution of segment duration for focus conditions F0 and F1 on Hub 4.
Only segments shorter than 20 seconds are included.
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thus being more relevant for the overall word error rate.

5.6.5 Reliability of formant tracker

The normalization algorithm presented in this thesis depends inherently on the reliability of the

formant tracker. In this section, we study the influence of some of the possible kinds of mistakes

committed by the formant tracker. We claim that systematic, repetitive errors cause degradation to

the system more than sporadic errors. Moreover, we claim that the presence of errors in a collec-

tion of formant estimates containing more information about the signal is preferable to an error-

free collection containing little information about the signal.

The formant tracker can introduce outliers spread all over the possible range of frequency values,

or it can introduce a repetition of a given estimated value, or it can discard correct formant esti-

mates or a frequency range altogether. These errors have different causes and can appear together.

Formant tracking is an errorful process. Automatic estimation of formants produces outliers unless

very sophisticated methods are employed. The presence of outliers can be counteracted by care-

fully hand-selecting frames for which the formant estimates are definitely correct. Hand-selection

ensures that no outliers are present in the ensemble of collected data, although it can also cause

some valid points to be discarded.

The presence of strong non-varying tones (which can occur, for example, with music in the back-

ground) can mislead the formant tracker into selecting the tone as a formant. Since the tone lasts

for a long duration compared to the duration of phonemes, this almost-constant value appears in

the ensemble of collected data many times, thus skewing the distribution. Moreover, as the value

produced by the formant tracker is almost constant, the variance of the data decreases.

The third kind of mistake, discarding formant estimates, appears in two different contexts. It can

be a consequence of a very strict outlier detection method, in which case correct estimates are also

discarded with most of the outliers. It can also be a consequence of signal characteristics more
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than a defect of the formant tracker. In narrowband of telephone speech, for example, some of the

“actual” formant tracks go beyond the signal frequency range. Under these circumstances, the for-

mant tracker can label, for example, the second frequency peak (which should be labelled as the

second formant) as “third formant”, and so on. Even though only one of the formants goes beyond

the signal bandwidth, all formant assignments can be wrong.

We ran experiments that tried to assess the influence in recognition performance of each of these

types of errors. The first experiment examined the consequence of very strict criteria for detection

of outliers. Decisions of whether a given formant estimate was correct or not were based on visual

inspection. An automatically-generated estimate was accepted only if it perfectly fit a formant in

the spectrogram. We are confident that the final collection of formant estimates contains no outli-

ers, even though many arguably-correct estimates have been discarded. The experiment was per-

formed on the non-English portion of the Broadcast News task. The non-English part is simpler

than the English one in that speech is not classified into focus conditions. The results are presented

on Table 23.

We believe that manual selection of formant estimates performs much worse than automatic classi-

fication for reasons similar to those presented in Section 5.6.2. There, we showed that the perfor-

mance of the normalization algorithm is related to the contents of the utterance. Mismatches

between the variety of phonemes uttered by a new speaker and by the ensemble of speakers will

Normalization Formant estimate selectionWER(%)

None N/A 23.2

Per sentence Automatic 22.9

Per cluster Automatic 23.0

Per speaker Manual 28.5

Table 23.Word error rate (WER) on Broadcast News (Hub 4) non-English using automatic or man-
ual selection of frames where formant estimates were considered correct. Automatic selection con-
siders formant estimate to be correct if the probability of the frame being voiced is greater than a
threshold. Manual selection is based on visual inspection.
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result in distributions of formant estimates that cannot be mapped.

A human selecting “correct” formant estimates based on visual inspection of formant tracks over

spectrograms tends to select frames corresponding to some phonemes much more than others,

since it is clearer for some phonemes that formant tracks are correct in that region. As a conse-

quence, the collection of phonemes from which formant estimates have been selected is small,

resulting in skewed distributions.

Ideally, we should be able to obtain formant estimates that represent all phonemes uniformly, with

no outliers whatsoever. However, the interpretation of what an outlier is affects the rigorousness

with which we discard estimates. If we have a very strict definition of outliers, the implementation

of criteria for detection of outliers will also discard some correct estimates. If we have a loose def-

inition of outliers, we are less likely to discard correct estimates, but we have to cope with the fact

that some of the points are wrong estimates. The experiments on Table 23 show that laxer stan-

dards work better than strict ones. We restrict these conclusions to outliers that appear sporadically

over the whole frequency range.

We hypothesize that occasional outliers do not affect the features, that is, the statistics computed

from distributions of formants. Systematic errors, however, cause the distributions to represent

something other than the real contents of the utterance. Among examples of situations that can

cause systematic errors, we point out narrowband speech and speech over music. As pointed out

before, narrowband speech can cause the formant tracker to make completely mistaken assign-

ments of labels, such as assigning the label “second formant” to the “actual” first formant, etc, if

one of the “actual” formant goes beyond the frequency range of the signal. Speech over music, on

the other hand, can confound the formant tracker. It captures tones, thus altering the distribution of

formant estimates. In Section 5.6.3 we pointed out how clustering speech with music in the back-

ground with clean speech ameliorates this problem.

In both cases, the distribution of formant estimates is skewed. Table 24 presents the average vari-
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ance of the formant estimates of the first three formants for each focus condition on Hub 4 as well

as the relative improvement achieved on each condition using the whole development test data pro-

vided for the 1997 evaluation.

We observe some degree of dependency between the improvement achieved with normalization

and the average variances of formants. A larger variance suggests a larger variety of phonemes in

the utterance or ensemble of utterances, since it implies that formant estimates have been produced

at a larger frequency range. As pointed out before, since we do not restrict the training set to any

small subset of phonemes, a larger number of phonemes in the test set implies a better match

between the varieties of phonemes.

Smaller variance on the other hand suggests a smaller variety of phonemes. Additionally, it might

be a consequence of systematic errors in the formant estimation. Note that narrowband speech,

usually referred to as condition F2, and speech over music, referred to as condition F3, are the two

focus conditions with smallest average variance of the third formant and among the smallest of the

second formant. Narrowband speech has a cap on how far the third formant can go, and it is not

surprising that the variance of the third formant is the smallest for F2. On the other hand, system-

atic insertion of an almost constant value for a relatively large period of time, as is often the case

with music in the background, also causes the variances to decrease. These results confirm the fact

that systematic insertion of errors can cause degradation as compared to the presence of sporadic

outliers.

We have to deal with the limitations of formant trackers. An extremely strict definition of “outlier”

causes important information from the signal to be lost. Therefore, presence of outliers is prefera-

ble to loss of correct formant estimates. Systematic errors, however, cause larger degradation. Sys-

tematic errors are most often consequence of the signal characteristics rather than a failure of the

formant tracker.

5.7. Systems with realistic settings
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So far, we have artificially bounded performance of the system so as to study particular issues. We

have been limiting the language weight on experiments on Resource Management (RM1) so as to

concentrate on the influence of the speaker normalization on the acoustic model. We have limited

the training set of Hub 4 so as to take into account speech with high audio quality alone. These

artificial settings might create conditions where the normalization might work whereas it might be

ineffective in a realistic setting. In this section, we present comparative results between normaliza-

tion and baseline systems for a realistic system setting.

On RM1, the limiting setting was the language weight set to a very low number so as to disable the

language model. In Chapter 4, we learned that we can achieve the best performance with a linear

function fitting a set of points with appropriate weights. The set of points or the set of weights can

be chosen carefully so as to achieve the best performance. The best set of weights can be selected

with MDLR. Alternatively, the best combination of features can be chosen and equally weighed.

Normalization was performed on a speaker basis in all speakers for the training and testing data

sets. Table 25 presents results with a realistic language weight of 9.5. From the table, we indeed

observe that speaker normalization provides a measurable improvement in word error rate for a

realistic system.

Condition Segments F1 F2 F3
Relative

improvement(%)

F0 230 57,862.57 290,601.84 268,164.98 5.6604

F1 346 46,835.86 263,590.26 270,569.70 4.0678

 F2 108 45,179.87 246,148.22 179,956.69 2.1912

 F3 103 64,129.58 238,779.37 195,188.29 4.3353

 F4 133 49,098.91 247,960.03 211,292.09 4.6729

 F5 17 59,912.05 263,200.51 380,972.82 8.7533

 FX 113 57,700.28 208,731.82 232,016.71 2.6101

Overall 1050 52,444.92 257,389.26 243,458.14 3.8576

Table 24.Mean of variances of formants - Hub 4-97 PE
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With Hub 4, the limiting parameters were the amount and quality of the data used for training,

which we restricted to the focus condition F0, clean planned speech. The main findings were that

normalization of the training data does not seem to be relevant, and normalization on a segment

basis or on a cluster basis yield similar performances. Table 26 presents results of an experiment

where we utilized HMMs created from all available speech on the Hub 4 training set. Speech for

training did not undergo speaker normalization. Normalization was applied to segments on the test

set on a segment by segment basis.

The results for focus conditions F0 and F5 are statistically significantly better with normalization

than without it. Results for the other conditions do not present a large difference. We can observe

though that the observations set forth in Section 5.6.4 hold true.

5.8. Conclusions

In this chapter we have investigated issues related to the performance of the speaker normalization

Points Weights WER(%)

None None 6.6

Min F1, Med F1, F2 Equal 5.7

Med F1, F2, F3 MDLR 5.6

Table 25.Word error rate (WER) on Resource Management (RM1) for normalization using a real-
istic language weight. Warping function is a linear function. Points and weights are indicated.

Normalization
Condition

Overall F0 F1 F2 F3 F4 F5 FX

No 29.2 18.4 25.8 43.8 28.1 25.5 36.3 47.6

Yes 28.7 17.0 25.1 45.3 28.1 26.7 28.2 48.1

Table 26.WER on H4 trained on all data
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algorithm across different tasks. We examined the possible causes of differences in performance.

Most experiments on this Thesis were performed using Resource Management (RM1). In this

chapter, we also employed Wall Street Journal (WSJ) and Broadcast News (Hub 4).

Initially, we examined speaker adaptation as an alternative approach to reducing speaker variabil-

ity. Both speaker adaptation and normalization are effective. We focused our attention in finding

how well the two approaches would work together. In fact, we found that the combination of

speaker normalization and adaptation is beneficial.

WSJ is similar to RM1 in audio quality but rather different in complexity of language and amount

of data. We have examined how these differences affect normalization. By limiting the amount of

data from which we created HMMs, we have found that with the same amount of speech, normal-

ization tends to be more effective with a smaller number of speakers. A larger number of speakers

will produce HMMs with broader output pdfs. New speakers presented to the system will perform

better than if the output pdfs were narrower. Speaker normalization has a more effective contribu-

tion to performance since it reduces variability between speakers.

On the other hand, we found that with the same number of speakers, normalization of the training

data as well as the test data becomes essential if the amount of data per speaker is larger. In this

case, reducing variability of speakers in the training set has the advantage of producing models

which are not so well tuned to the particular set of speakers in the training set.

Our experiments also show that vocabulary size contributes to the difference in performance

between WSJ and RM1. A smaller dictionary reduces the search space by throwing away several

paths leading to wrong transcriptions. Speaker normalization successfully transforms the original

data so that most of these wrong paths are replaced by correct ones as the top likelihood in the

reduced search space.

On Hub 4, however, we need to use a dictionary which is as large as possible, as well as as much
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data as available from as many speakers as feasible. Nonetheless, we found similar tendencies

between RM1 and Hub 4 regarding a better performance for longer segments of speech. We

attempted to cope with the presence of short duration segments by clustering them. This approach

proved to be fruitless, since some of the clusters still contained very little data and some contained

data from more than one speaker.

Our experiments have shown that speaker normalization brings about some improvement on the

Hub 4 focus conditions containing clean planned speech, like F0 and F5. Normalization was inef-

fective or in fact brought degradation in some conditions involving systematic disturbances to the

formant tracking process, like narrowband speech and speech with music in the background.

Under condition F1, which is also clean speech, normalization seems to be ineffective on the sub-

set of the data that we employed as the test set. F1 contains a very large number of very short seg-

ments. Normalization tends not to work on short segments of data, thus explaining the difference

in performance of the normalization algorithm between F0 and F1.
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Chapter 6
Summary and Conclusions

6.1. Summary

This Thesis presents a study on speaker normalization using warping functions. We present a

method for speaker normalization and examine the effectiveness of this method under several con-

ditions using different databases. Although the experiments on different tasks were performed with

our method, we believe the conclusions can be extended to other speaker normalization tech-

niques.

Our method makes use of acoustic features, specifically formants, to define the warping function.

We initially compute statistics from distributions of formants. These statistics are the coordinates

of points which define the warping function. The warping function thus defined maps the fre-

quency axis of a standard speaker to the frequency axis of a new speaker. No constraint is imposed

on the shape of the warping function or on the statistical measurements we use, thus making it a

flexible framework to benchmark different choices of shapes and features.

Regarding shapes, our experiments indicate that the specifics of the shape of warping function are

largely irrelevant. We found no statistically significant differences when using a linear function or

other different shapes. This is not surprising, since other authors have presented speaker normal-

ization techniques using both linear [14][73] and nonlinear [17] warping functions without either

function revealing any clear advantage of one over the other.

For choosing features and which statistical measurements to use, we present a method based on

Multi Dimensional Linear Regression (MDLR) which allows us to optimize the weights of each

feature. As a special case, this method allows us to select a set of optimal features. With this

method, we have observed the somewhat curious result that the best features taken in isolation do

not necessarily yield the best combinationof features.
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We have performed experiments using this technique on the ARPA Resource Management data-

base (RM1) with good results. We observed relative improvements of up to 22% in word error rate

(WER), while relative improvements obtained by our implementation of techniques proposed by

other authors were between 9% and 17%.

For the Wall Street Journal task (WSJ) and Broadcast News task (Hub 4) we achieved more mod-

est improvements. The investigation of possible reasons for this diminution in improvement in per-

formance for WSJ and Hub 4 brought about some interesting conclusions.

The most obvious difference between RM1 and WSJ is the amount of data, both in terms of num-

ber of speakers and amount of data per speaker. We have found that speaker normalization is less

effective with a larger number of speakers. A given system will perform better with a new speaker

if the output probabilities of Hidden Markov Models (HMMs) are less well tuned to the speakers

in the training set. A speaker independent system, for example, will have a better performance for

a completely new speaker than a speaker dependent system not trained for that particular speaker.

The HMMs are less well tuned to any given speaker if the number of speakers is larger. The system

will perform better with a new speaker with these less well tuned models, thus causing the speaker

normalization to be less helpful.

We also found that normalization of the training data becomes more important if the amount of

data per speaker is large. Speaker normalization attempts to map speakers to a standard speaker.

Ideally, if this attempt is fully achieved, a speaker-independent system would in fact be a speaker

dependent system exclusively trained for the standard speaker. Therefore, it is not surprising that

normalization of the training data makes speaker normalization more effective. It is counterintui-

tive, however, that normalization of the training data is not helpful if the amount of data per

speaker is smaller, as we found in our experiments with WSJ. More data per speaker causes the

HMMs to become better tuned to the speakers in the training set. Speaker normalization reduces

variability between speakers, reducing the tuning of the HMMs to that set of speakers, and improv-

ing performance for new speakers.



Chapter 6. Summary and Conclusions 107

Somewhat surprisingly, we found that speaker normalization is more effective with smaller vocab-

ularies. Speaker normalization deals with acoustic characteristics of speakers. The contents of an

utterance should be irrelevant. However, the performance of the recognition system improves in

the reduced search space obtained with the smaller dictionary. An effective transformation of the

data will replace the wrong path from the original search space by a correct path more often than

by another wrong path in the reduced search space. A comparison of the relative improvement in

performance with speaker normalization between a large and a small vocabulary searches shows

that normalization is in fact an effective transformation of the original data.

Some issues,e.g. the availability of data from each speaker, are specific to Hub 4. We have made

comparative studies where we limit the amount of data used for normalization with RM1 so as to

have a sense of how much data we needed for an effective normalization. Not surprisingly, perfor-

mance increased with the amount of data. In fact, performance achieved with speaker normaliza-

tion based on very little data tends to be much worse than performance without normalization.

We found a strong correlation between the improvement in performance and the number of unique

vowels in the utterance. The longer the utterance, the larger the set of vowels present in the utter-

ance, which is consistent with the improvement being larger when we have more data. A possible

reason behind this fact is that the match between the set of vowels in the utterance and the set of

vowels “uttered” by the standard speaker increases. The standard speaker represents the average of

all speakers collected with a large amount of data. Therefore, we can interpret this averaging as if

the standard speaker had “uttered” all possible vowels in the sense that all vowels are statistically

represented in the standard speaker.

Better matching of the set of vowels uttered by a new speaker and the set uttered by the standard

speaker can be obtained by requiring all speakers to say a particular standard utterance. In this

case, the mapping between standard and new speaker will be based on statistics of histograms of

formants representing the same sets of phonemes, potentially allowing for shorter utterances.
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Clustering of utterances can improve speaker normalization performance in the Hub 4, increasing

the amount of usable data from each speaker. While automatic clustering was not effective for us,

hand labelled that clustering using speaker identification was helpful. The increase of the amount

of data helps speaker normalization, as should be no surprise.

Speaker adaptation is an alternative approach to solving the same problem of speaker variability.

We have examined whether the joint employment of speaker adaptation and normalization would

be beneficial. Speaker normalization attempts to bring all speakers close to the same standard

speaker. Speaker adaptation, on the other hand, attempts to bring the HMMs farther from the aver-

age and closer to each particular speaker. The combination of both approaches brings a sizable

improvement compared to either approach applied separately. Obviously, neither of the techniques

achieves perfect results. Normalization reduces variability between speakers but this variability

still exists, thus leaving scope for the adaptation to work. Similarly, adaptation does a good but not

perfect job at transforming speaker-independent HMMs into speaker-dependent ones.

Gender normalization, which is nothing but a simplified version of the speaker normalization, has

also been studied and shown to be beneficial. We found gender normalization more effective than

gendr dependent models in fact. Gender dependent models are restricted to using only part of the

training data. Gender normalization reduces variability between speakers and still allows the use of

all data to create a single set of models.

We have also investigated the performance of the normalization based on acoustic features applied

to narrowband speech. While we were concerned that the frequency range of the narrowband data

might be smaller than the range of variation of the formants, thereby attenuating formants in some

frames, we have found that normalization does perform well even in these cases.

6.2. Future directions

Every piece of work has to deal with a trade off between cost and performance. The best perfor-
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mance we can achieve usually also implies a higher cost in terms of time or computational cost. A

sub-optimal solution with respect to performance might be the best solution in some contexts.

In this work, we have attempted to limit the computational cost. One important constraint we

imposed is that normalization in this context should be attempted without requiring any run of rec-

ognition. However, we believe some improvement can be achieved if we can use the information

of location of phonemes or at least contents of an utterance.

We pointed out in Chapter 5 that there is a relation between improvement in performance and

duration as well as number of unique vowels in the utterance. It is at least intuitive that the contents

of the utterance in terms of variability of phonemes is more relevant than duration. This suggests

that with a better match of the set of phonemes uttered by a new speaker and by the standard

speaker we can have better choices of warping function.

The warping function is selected based on acoustic features, which are statistical measurements of

speaker specific formant distributions. A set of sentences uttered by a speaker might contain only a

small number of different phonemes. In this case, the distribution of formants will be skewed.

However, if all the speaker utter the same utterance, or if we take into account only one specific set

of phonemes, even if the distributions are distorted, they are distorted due to the same influence.

Statistics computed from these distorted distributions map to each other better than if we do not

consider these effects.

The standard speaker is an average of speaker. Therefore, the phonemes “uttered” by the standard

speaker are of course an ensemble of the phonemes uttered by all speakers in this average. A better

match between the set of phonemes uttered by a new speaker and the set from the standard speaker

can be achieved by requesting all speakers to say the same utterance, for example, an enrollment

utterance. In contexts where this is not possible, we can make use of a first initial pass of recogni-

tion where we locate the phonemes in an utterance and select a subset of the phonemes present in

the utterance.
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Potentially, this approach can benefit the normalization tchnique as it is now. Moreover, since we

will be attempting to collect only a specific set of phonemes, we might be able to achieve as large

an improvement with very short sentences, provided they contain the required set of phonemes.

Another development which makes use of an initial pass of recognition regards normalization

diversely applied to different regions of speech. Since normalization attempts to model differences

due to different vocal tract lengths, it intuitively does not make much sense to apply it to phonemes

produced in obstructions of the vocal tract far from the vocal chords, such as fricatives. An initial

phoneme-labelling of the utterance could flag regions where normalization should not be applied.

An additional extension of this work makes use of a Bayesian approach to the linear regression

estimates. We found in Chapter 4 that gender normalization provides substantial improvement as

compared to no normalization. A Bayesian approach would take advantage of these gender spe-

cific warping functions. If no further speaker specific information is available, the linear regression

estimates of the slope of the linear warping function would be simply the gender specific slope. As

more data become available, the linear regression estimates gets modified so as to make use of this

new piece of information. The Bayesian approach has importance under a practical point of view.

Since gender normalization gives improvement at almost no cost, it can be used if no other source

of information is available.
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Appendix A
Derivation of Linear Regression Equations

A.1. Least-squares solution to warping function

In this section, we present a brief description of the main mathematical tool employed in the previ-

ous chapters, linear regression. Linear regression gives an estimate of the coefficients of a straight

line that best fits a collection of datapoints. Although this is a well known technique, we present

the derivation in this appendix since we use one of the results often.

The warping function is a curve that will fit points corresponding to features on a plane. Let be

the -th feature of a standard speaker, and let  be the -th feature of a speaker we intend to nor-

malize to the standard speaker. Assuming that each feature is independent of the others, and that

the distribution of measurements of a feature is Gaussian, we can compute the probability of

observing the feature  as

(29)

where  is the expected value of , that is, the estimated value of  according to the lin-

ear model we intend to fit. Because the features are independent, the joint probability is the prod-

uct of the corresponding probabilities. This product can be written as the product of two factors,

with one of them independent of the parameters or :

(30)

To maximize the previous expression, it is more convenient if we take the logarithm on both sides,

thus converting the product of terms into a summation of terms, and getting rid of the exponentia-

tion. Considering that we intend to maximize the expression with respect to and , we can also

eliminate constants and variables that do not depend on these variables. Maximization of the previ-

ous expression therefore corresponds to the minimization of:
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(31)

Alternatively, we could have chosen to minimize the distance between the estimate according

to the model  and the measure , weighing the distance between the estimate and

the point  with a weight . In this case, we could find the parameters and  by mini-

mizing:

(32)

or explicitly in terms of the variables and data points:

(33)

The similarity between Equations (31) and (33) leads us to interpret the former as a special case of

the latter when we set the weight  to the inverse of the variance .

We continue the minimization of Expression (33). Taking the derivatives with respect to  and

and equating the derivatives to zero, we obtain:

(34)

and

(35)

Notice that the weights  are not necessarily derived from statistical treatment of the data, but

may be obtained by other criteria. These criteria depend entirely on the application.

The solutions to the previous set of equations can be easily shown to be:
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(36)

(37)

An important special case is the model , obtained by setting  equal to zero in Equations

(29) and (30). The solution for turns out to be:

(38)

This special case is used throughout this work. Based on Equation, we derive weights and optimal

combinations of features as described in Chapter 4.
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