Speech Recognition in Adverse Environments:

a Probabilistic Approach

by

Trausti Thor Kristjansson

A thesis
presented to the University of Waterloo
in fulfilment of the
thesis requirement for the degree of
Doctor of Philosophy
in

Computer Science

Waterloo, Ontario, Canada, 2002

(©Trausti Thor Kristjansson 2002



I hereby declare that I am the sole author of this thesis.

I authorize the University of Waterloo to lend this thesis to other institutions or indi-

viduals for the purpose of scholarly research.

I further authorize the University of Waterloo to reproduce this thesis by photocopy-
ing or by other means, in total or in part, at the request of other institutions or individuals

for the purpose of scholarly research.

ii



The University of Waterloo requires the signatures of all persons using or photocopy-

ing this thesis. Please sign below, and give address and date.

iii



Abstract

In this thesis I advocate a probabilistic view of robust speech recognition. I discuss the
classification of distorted features using an optimal classifier, and I show how the gener-
ation of noisy speech can be represented as a generative graphical probability model. By
doing so, my aim is to build a conceptual framework that provides a unified understand-
ing of robust speech recognition, and to some extent bridges the gap between a purely

signal processing viewpoint and the pattern classification or decoding viewpoint.

The most tangible contribution of this thesis is the introduction of the Algonquin
method for robust speech recognition. It exemplifies the probabilistic method and en-
compasses a number of novel ideas. For example, it uses a probability distribution to
describe the relationship between clean speech, noise, channel and the resultant noisy
speech. It employs a variational approach to find an approximation to the joint posterior
distribution which can be used for the purpose of restoring the distorted observations. It
also allows us to estimate the parameters of the environment using a Generalized EM

method.

Another important contribution of this thesis is a new paradigm for robust speech
recognition, which we call uncertainty decoding. This new paradigm follows naturally
from the standard way of performing inference in the graphical probability model that

describes noisy speech generation.
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Chapter 1

Introduction and Overview

In recent years, automatic speech recognition has started to emerge as a practical and
useful technology. Applications range from large vocabulary medical dictation, and spo-
ken document retrieval to embedded applications such voice activated dialing or song

selection in a portable MP3 player.

In any speech based Human Computer Interaction (HCI) system, there will be a need
for verification that the system has understood the intensions of the speaker. This pro-
cess is called grounding[66]. People are very demanding on the overall naturalness and
effectiveness of this process. Most people will not use a dictation system if it misses
two words in a hundred. A user of a voice activated dialing service is likely to revert to

manual dialing if the system once calls a wrong number.

Speech recognition systems are very sensitive to a mismatch between the conditions
under which the system was trained and the deployment conditions[46]. Recognition
performance can degrade substantially, even for small differences. As a result, most
successful applications of speech recognition require the user to employ a close talking

microphone or a telephone handset, since they ensure relatively high signal quality. In
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some environments where speech based HCI would be convenient, it is not possible to
use close talking microphones. By increasing the immunity or robustness of the speech

recognition system to environmental interference, many new applications become viable.

Although there are many contributing factors to the usefulness of a speech based
HCI system, a crucial factor is the accuracy of the speech recognition component. In this
thesis I look at speech recognition component in isolation from other aspects of the HCI

system.

1.1 Thesis Overview

This thesis can be divided roughly into two parts. In the first part I present a general
probabilistic view of the problem of classification of corrupted observations, and then
formulate a graphical probabilistic model for of speech recognition in adverse environ-
ments. In the second part I present a new method for robust speech recognition called
Algonquin that takes advantage of the probabilistic viewpoint. This method is studied
extensively in the second part of the thesis. The subject of the individual chapters is as

follows:

Chapter 2 provides a brief review of the speech recognition and the problem of speech
recognition in a noisy environment. We introduce the environment model and discuss

how the environment effects and distorts the observations.

In Chapter 3 we look at the generic problem of pattern classification when observa-
tions have been distorted. We discuss some strategies for handling distorted observa-
tions, and relate them to each other. We also relate these strategies to speech recognition
of noisy speech, which is essentially a complicated version of the simple problem dis-

cussed in this chapter.
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In Chapter 4 we introduce the generative graphical model that describes an HMM
based speech recognizer, and expand this model to account for the generation of noisy
speech. We discuss inference in this generative model, and how traditional robustness
paradigms can be viewed as inference in the model. We also see that this view leads to a

new paradigm called uncertainty decoding.

In Chapter 5 we start filling in components of the generative model discussed in
Chapter 4. We discuss the Mel-Frequency Cepstrum Transform of the environment
model, and how it leads to the interaction likelihood that describes the relationship be-

tween clean speech, noise, channel and the observed noisy speech.

In Chapter 6 the remaining components of the noisy speech model are explained, and

we discuss how the interaction likelihood causes exact inference to be intractable.

In Chapter 7 we first discuss how recognition performance is assessed, and review
some prior methods for Robust speech recognition. In particular, we discuss the VTS

method.

In Chapter 8 we introduce a new method for robust speech recognition, called Algo-
nquin. This method solves the problem of the intractability of inference, by approximat-
ing the interaction likelihood with an approximate likelihood function that is computa-
tionally attractive. We look at various aspects of the Algonquin method and discuss its

advantages.

In Chapter 9 we continue to discuss the Algonquin method. In this chapter, we dis-
cuss the problem of estimating the environmental parameters, and they can be estimated

using a Generalized EM method.

In Chapter 10 we discuss a new decoding strategy for robust speech recognition called
uncertainty decoding or the soft information paradigm. This method is inspired by the

realization of how inference should be done properly which arose in the discussion of
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Chapters 3 and 4. We give results that show the promise of this new paradigm.

We conclude in Chapter 11 with a review and discussion of future directions.



Chapter 2

Speech Recognition in Adverse

Environments

This chapter introduces the basic workings of a speech recognition system. We also intro-
duce the standard environment model and discuss the effect noise and channel distortion

has on the speech signal and the related observation features.

2.1 Introduction to Automatic Speech Recognition

The purpose of a speech recognition system is to convert a sequence of real valued obser-
vations X = {xy,...,x7} derived from the speech waveform, into a sequence of words
W [68]. Each word corresponds unambiguously to a sequence of discrete states s. We

can therefore work with states rather than words.

In order to describe the correspondence of states to observations, we use a probability
model P(X,s). Given a sequence of observations, this function is designed such that it

is maximized for the state sequence corresponding to the words uttered.

5
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Once the model P (X, s) has been constructed, the purpose of a speech recognizer is
to find the state sequence that maximizes the function

§ = argmaxP(X,s). 2.1

s

There are in essence only two components of the correspondence model P(X,s);
the phone, word and language model gives transition probabilities p(s;|s;_1), that assign
values to the probability that one state follows another. The acoustic models p(x|s)

reflect the probability that the vector valued observation x resulted from the state s.

From these two components we can write the speech model P(X,s),

P(X,s) = p(so) [ [ p(xilsi)p(silsioa), 22)

i=1

where 7 indexes the time frame of the observation and state[68].

We can also view a speech recognizer from a systems perspective. Figure 2.1 shows

a block diagram of a conventional speech recognition system.

Acousticl WordD
modelsD models[

Speechl Featureld Acoustic TextO
waveformO extraction[] scoresl] Decoderl] transcriptiond

Languagel
modelO

Figure 2.1: Block diagram of conventional speech recognition system.

The acoustic speech waveform is transformed into an analogue electronic signal by

a microphone which is then converted to digital form by an Analog-to-Digital Converter



CHAPTER 2. SPEECH RECOGNITION IN ADVERSE ENVIRONMENTS 7

(ADC). Samples of the signal are taken at a fixed rate, commonly 8-16 thousand samples

per second.

In the Feature extraction stage (also called the Front end), the sampled waveform
1s taken and converted into suitable features x. The most common features are Mel-

frequency Cepstrum Features. These will be discussed in detail in Chapter 5.

In the next block, labelled Acoustic scores the observed feature is compared to
finite number of speech sounds. The speech sounds are represented by acoustic models
p(x|s) where s designates the state and corresponds to a particular speech sound. There
are a few ways of modelling p(x|s), however, the most common and effective model is

the mixture of Gaussians model,
p(xils = k) = ijN(Xi3 iy Bjk)s (2.3)
J
where x; is an observation vector at time 7, and s, designates a specific speech sound. In

this thesis we will only consider Gaussian Mixture acoustic models.

The decoder finds the most probable sequence of states “that generated” the observed
signal. It uses word and phone models as well as a language model that define allowable
word and phone sequences. The effect of using word and phone models is to reduce the

number of allowable state sequences that the recognizer has to search over.

2.2 Effects of the Environment

In this section we will introduce the effects of the environment. The traditional signal

processing environment model is shown in Figure 2.2 [1].

This model shows the speech signal being convolved with a linear channel, and noise

being added. The linear channel models the effect of the microphone and the room acous-
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Clean Channel Distorted
signal Distortion signal

Non-stationary Noise

Figure 2.2: A block diagram of the noise and channel.

tics. Ambient noise is modelled as an additive process. Examples of noise processes are

ventilation noise in an office, road noise in a car and the sound of a subway train.

In the time domain this can be written as[1]

K—

y[m] = Z x[m — klh[k] + nlm), 24

k=0

—

where x[m] is a sample of the clean speech signal, n[m] is a sample of the noise signal,
h]m] is the impulse response of the linear channel, y[m] is a sample of the noisy speech

signal.

A linear time invariant channel model is used to model the effects of room, the effects
of the microphone, and in the case of speech that is sent over a telecommunications
channel, the effects of the channel. Collectively, these are called the channel. In most
cases, physical characteristics of the channel vary slowly, and thus parameters of the

channel model vary slowly.

The observed signal goes through a sequence of operations in the Feature extraction
block, which will be discussed extensively in Chapter 5. In this block, short segments of
the time domain signal are processed to produce features. The result is a set of features

in the log-spectrum. In the log-spectrum domain, the relationship becomes

y=x+h+In(l +exp(n—x—h))+e, (2.5)
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where e is an error term, and y is the log-spectrum representation of a portion of the time

domain signal y etc.

The channel and additive noise alter the log-spectrum coefficients in predictable
ways. In the log-spectrum domain, the effect of the channel is mostly linear, but the

effect of the noise is highly non-linear.

The effect of adding subway noise at 10dB below the signal level is shown figure
2.3(a). As can be seen, the lower components are intact while the higher components
have been masked by the noise. Figure 2.3(b) shows a noise free case where the signal
has been filtered to simulate the effect of a microphone with MIRS! frequency charac-
teristics. Notice how the lower frequencies are attenuated, while higher frequencies are

amplified.

IMIRS is a transfer function characteristic for telecommunications terminals as defined in the Interna-

tional Telecommunications Union (ITU) technical specification GSM 03.50
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Figure 2.3: Plot of log-mel-spectra for a single frame. (a) Effect of noise. Dotted line
shows the noisy acoustic vector. Notice how the noise masks the signal for higher fre-
quencies. (b) Effect of using a different microphone. Dotted line shows the acoustic
vector of alternate microphone. Notice how the lower frequencies are attenuated, while

higher frequencies are amplified.



Chapter 3

Classifying Corrupted Observations

In this chapter we start by describing the effects of noise on a very simple pattern classi-
fier and discuss several measures that can be used to counter the effects of noise. These
include cleaning the signal by only taking bias into account, cleaning by also taking
a speech prior into account and changing the classifier to classify noisy observations.
We will then discuss the probability of error and find the relative effectiveness of these

measures.

The problem of noise robust speech recognition is a complicated version of the sim-
ple classifier discussed here and the discussion will therefore provide a framework that

various robustness methods can be related to.

3.1 Classification of Corrupted Observations

The simplest possible real value classifier takes one real valued observation and assigns
it to one of two classes. Figure 3.1(a) shows the Bayesian graph[44] for this classifier.

The model involves a discrete class variable s, and a continuous variable x. It is assumed

11
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that the variability in the observation is inherent in the process of generation, something
that cannot be helped. As an example, we assume the two classes are fricatives and
vowels s € {f,v}, and that we have two corresponding continuous class conditional
distribution for the observation z, i.e. p(x|s = f) and p(x|s = v) which happen to
be Gaussian. This classifier will assign an observation z to the class of fricatives, if

p(z|s = f) -p(s = f) > p(z|s =v) - p(s = v) and vice versa[15].

(a) (b)

Figure 3.1: (a) Classifier for clean observations: Graph shows real valued classifier with
one discrete variable s and one continuous observed variable x. (b) Classifier for cor-
rupted observations: Graph with one discrete variable s one continuous hidden variable

x and a continuous noisy observed variable y.

If the observation has been distorted in some way, we will not observe the clean
signal x, instead, we observe the noisy signal y. Figure 3.1(b) shows a Bayesian network
with an additional node for the noisy feature y. Notice that x is now a hidden variable,

and we assume that the distortion is independent of the class variable.
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3.2 Classifying Corrupted Observations

We will now discuss several measures we can take when we know that the clean obser-

vations have been corrupted.

3.2.1 Correcting for Bias.

In the spectrum domain, the effect of noise is to introduce both bias and uncertainty.
If the “noise” process introduces only bias (which is almost never the case), then we
can alter the decision boundaries of our classifier and the “noise” process will not effect
performance. This situation is shown in Figure 3.2. Here, the relationship between = and
yis y = x + 1. Notice that in Figure 3.2, the area of the shaded error region has not
increased from the top plot to the shifted bottom plot. Some robustness methods, such as

Spectral Subtraction only take the bias component into account.

The noise process also introduces uncertainty. In this thesis, uncertainty will be rep-
resented by the variance of the distributions we use. If for example the relationship
between = and y is y = x + e where e is a zero mean and normally distributed, then the
minimum classification error will necessarily increase, due to the increased overlap of

the class-conditional distributions. This is shown in the middle plot of Figure 3.3.

3.2.2 Maximum Likelihood Point Estimates: Using p(y|z)

As mentioned above, many robustness methods use point estimates of the random vari-
ables involved[33]. One very common method involves finding a point estimate of the

clean observation, based on the noisy observation. To do this, we can for example use
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Figure 3.2: Effect of bias: (Top) The class conditional distributions for clean observa-
tions. (Middle) Effect of bias (but no increase in uncertainty). Notice that the error
region has been enlarged. (Bottom) After the correcting for bias (e.g. using Maximum-

Likelihood parameter estimation).

the Minimum Mean Squared Error estimate[17]

T = /:r -p(z|y)dz (3.1)
and then use the clean speech classifier.

Returning to our example of a normally distributed noise distribution with zero mean,
we see that y ~ N(y;z,0) . If we use the Maximum-Likelihood strategy for parameter

estimation, and assume a uniform distribution for p(z) we get

o [ PWP@) N Ve —
LE—/ ) d / N(y;z,0)d Y. (3.2)

In this case we have used all the information about how the environment distorts clean

speech, but no prior information about clean speech x. As can be seen from Equation
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p(xls)
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Figure 3.3: Effect of uncertainty: (Top) The class conditional distributions for clean ob-

servations. (Middle) Effect of increasing variance (but no bias). (Bottom) After finding

the optimum decision boundary (i.e. classification based on p(y|s)).

(3.2) £ = y, and hence, we will not move the decision boundary. Thus, if we use this

point estimate, we will introduce an additional error, as seen in the bottom plot of Figure

3.3. This is because the decision boundaries will shift, even thought the noise process

introduces no bias.
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323 Maximum A Posteriori Point Estimates: Using p(y|x) and p(x)

In Equation (3.2) we did not us prior information about z. If we use the prior model for
x we arrive at a different expression for z,

/:Jcp(x|y)dx = /x : Mdm (3.3)

p(y)
N(y;x,04) 3o N(@; pis, 05) P(s)dx
S [N (52, 0,)N(@; s, 0,) P(s)da
PN (s pi 00 +01) [ 22558 | 1 p(fIN Gy, 05 +01) [ 2520
PN (Y; pos 00 + 0y) + PN (Y; 15, 05 + 0y) '

z

As we will see in the next section, using the prior model when producing a point estimate
of x, is better than assuming a uniform prior on z. MMSE-VTS and MMSE-Algonquin

make use of a speech model.

3.24 Classification Based on p(y|s)

Since the objective of the above methods is to restore the observations to their un-
corrupted state and return a point estimate, there is always the chance of error, and the
information about uncertainty is discarded. To take uncertainty into account, we should

base recognition on p(y|s),

pyls) = / plyle, s)ple]s)dz. (3.4)

This turns out to be the best we can do, i.e. to base our classification on p(y|s) instead
of p(z|s). Although this is the optimal classification strategy from the perspective of

recognition accuracy, it can be more computationally demanding.

By retraining, one can find the models p(y|s) and substitute them for p(z|s) into the

classifier in Figure 3.1(a). Model adaptation techniques approximate this procedure. In
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other words, for each s we first find an expression f(y) = p(y|s) as a function y and then

evaluate f(Yobs)-

In Chapter 10 we will introduce a new paradigm that we call the soft information or
uncertainty decoding paradigm. In this paradigm we calculate p(yqs|s) in a different
way. In essence, we first approximate p(y.ps|x) for a particular observation y,s and then

evaluate the integral in Equation (3.4).

3.3 The Probability of Error

Robustness methods fall into two main categories, i.e. feature domain methods and
model domain methods [38]. Feature domain methods attempt to clean the signal and

produce a point estimate of the clean signal & given the noisy observation y.

Recall the example of a vowel/fricative classifier. Now we wish to find the probability
of error of this classifier. First we look at the case where there is no distortion. The
probability of error &(p,, x)[15] is the probability that we choose a vowel, when in fact
the observation was caused by a fricative, and vice versa

Elp) =plo) [

z€EF

p(x|s = v)dx +p(f)/ p(x|s = f)du. (3.5)

zeV
where V' is the set of = values where p(z|s = v) > p(z|s = f) and F' is the set of x
values where p(z|s = f) < p(z|s = v). The argument p, in £(p,,x) represents the
decision boundaries with respect to p,(x|s) and the argument = means that the input to

the classifier is the clean observation x.

The graph in Figure 3.1(b) shows how we update the model if we have a noisy ob-
servation y. In the previous section we described two methods for producing a point

estimate of clean speech # and using that point estimate in the clean speech classifier. In
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this case the probability of error is

(b ) =pl0) [

y:zel

p(f ()]s = v)dy + p(f) / p(fWls = Hdy,  (36)

y:zeV

where & = f(y).

The last method we discussed involved basing the classification on p(y|s). Assuming

we know the exact form of p(y|x) the probability of error is now
) = o) [ pls=ody+n) [ pls=Hay G
yeF yev
= o) [ [ ptialptals = v)dady (8
yeF Jx

© o) / . / p(yle)plals = f)dzdy.

One may be led to think that is possible to do better by cleaning the observation and
passing the cleaned observation 2 to the recognizer. If no additional information is used
in the cleaning process, then it follows from the data processing inequality [10] that it is

impossible to do better by processing the signal, e.g. by cleaning it. Thus we have

E(py,y) < E(pa, ). (3.9)

We also know that using clean speech will produce better results than either of the above

methods, thus

Eps, ) < E(py,y) < E (P, ). (3.10)

3.3.1 A Numerical Example

To illustrate the relationship between these methods and their relative error rates, con-
sider the fricative/vowel classifier again. Assume that vowels and fricatives are equally

likely. Assume also that p(z|s = v) = N(z;—1,0.1) i.e. normally distributed with mean



CHAPTER 3. CLASSIFYING CORRUPTED OBSERVATIONS 19

p(sly)

Figure 3.4: (Top) The class conditional distributions for clean observations. (bottom)

Effect of bias and uncertainty p(y|z) = N(y;z + 1,0.4).

—1 and variance 0.1, and similarly, p(z|s = f) = N(z;1,1). The probability of error

under these conditions is 0.0539 and the expected classification error is therefore 5.39%.

Now we corrupt the data using p(y|z) = N(y;z+1,0.4),1i.e. we shift the observation
by 1 and add a little Gaussian noise (see Figure 3.4). For such a simple model, it is
possible to evaluate the error integrals exactly. However, it is much simpler to use a
Monte-Carlo type method[65]. If we do this, we find that the probability of error when

using the noisy features without any processing is 59.1%.

If we “clean” the observation using 2 = y — 1 then the error is reduced to 27.4%. If
we use the complex expression for = of Equation (3.3) that takes the prior information
about the speech models into account, the error is reduced to 24.2%. If we base the clas-

sification on p(y|s) the classification error is reduced to 20.9% which is the theoretically
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minimum classification error for this fictional vowel/fricative classifier.

3.4 Discussion

In this chapter we have introduced three strategies for dealing with noise in the simplest
of all real valued classifiers. The first is to do nothing. We looked at two possible ways to
produce a point estimate of clean speech z. The difference between these was the use of
a prior model for speech. The last strategy discussed was to use p(y|s) instead of p(z|s).

This turns out to be the best strategy.

Although this discussion is a simplification of the problem of noise robust speech
recognition, different Robust Automatic Speech Recognition (RASR) methods can be
classified based on which of these strategies they take. The problem of speech recog-
nition in noise is essentially a complicated version of the preceding discussion. The
complications arise from the non-linear way in which the environment effects the speech
features, due to the Mel-frequency Cepstrum (MFC) transform, and the more compli-

cated generative model required.

In this thesis, we will introduce new methods for robust speech recognition that allow
us to perform approximate inference despite the non-linearity of the MFC transform, and
explore the importance of taking uncertainty of various components of the model into
account. We will also explore the importance of using prior information of the speech

model.

In the discussion above, the way in which the environment effects the speech signal
was assumed to be known (i.e. the parameters of p(y|z)). This is not the case in real
world situations, and ways in which to estimate the environment model is another topic

of discussion in this thesis.



Chapter 4

Graphical Probability Models for
Robust ASR

In this chapter we discuss a graphical model representation of the corruption process.
We will introduce a generative model for noisy speech. We then discuss the different

paradigms for robust speech recognition from this perspective.

4.1 A Generative Graphical Model for Noisy Speech

Figure 4.1 shows a generative Bayes net[41, 54, 15] for the speech process. The graph
shows the state sequence of the speech process s* = s7 ... s}, and the class dependent
observation vectors X = X;...xy,. This graph is equivalent to the traditional Hidden

Markov Model with continuous observations[82].

To model the effects of environmental noise and channel distortion, we introduce two
new random variables, n and h. We will model these random variables by mixtures of

Gaussians (see Equation 2.3) similarly to speech. Hence, we use the variables s and s

21
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Speech modelld
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Figure 4.1: A Bayesian network of the speech generation process. The model is equiva-

lent to the traditional speech HMM with continuous observation densities.

to denote the class of n and h respectively, at time ¢. We also introduce a distribution
p(y|x,h,n) that describes how these random variables are combined to produce the
observed value y. At time step ¢, the combination of these three components is shown
by the graph in Figure 4.2(a). The relationship between y, x, h and n was introduced
in Equation (2.5). In Chapter 5, we will go into the details of the relationship and the

associated distribution, which we call the interaction distribution.

Cleaning methods can employ simplified versions of the true model. For example,
we can ignore the time dynamics of the speech and noise process, and a use smaller state
space for speech. This is shown in Figure 4.2(b). We will use ¢” to explicitly denote the

state space for cleaning model, and s” to designate the states of the true speech model.

Figure 4.3 shows a generative Bayes net for the speech process under noisy condi-
tions. The top part of the graph is the speech model, as before. The bottom part of the
graph models the noise process, where the state sequence s = s7 ... s}, gives rise to
the noise observations N = n; ...ny,. The speech and noise features are combined to
produce the noisy speech features Y = y; ...y . The channel distortion is assumed to
be stationary throughout the utterance and we omit it from the graph in Figure 4.3. In

this graph, both the speech and noise are considered to be Markovian processes.

Given a sequence of clean speech observations X, the goal of the speech decoding
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Figure 4.2: (a) Two frames of the dynamic generative model. (b) The stationary model
for time frame 4. This is graphical model for the joint distribution p(y, x, n, h, ¢*, ¢, c").

Cleaning algorithms often employ simplified probabilistic models.

process of a speech recognition system is to find the state sequence s with the highest
posterior probability p(s|X) among all possible state sequences[68]. The Viterbi algo-
rithm allows this to be done efficiently[11, 80]. Similarly, given a sequence of noisy
observations Y, the goal is to find the state sequence s with the highest posterior proba-
bility p(s|Y). In other words, we would like to perform inference in the graph of Figure

43.

Although there are loops in this network, they do not cause exact inference to become
intractable[50]. One can fold the network as is shown in Figure 4.4. In this network
we have combined the states s* and s™ into a combined state variable s and similarly,
we have combined x and n into z. The number of states in s is the product of the
number of states s* and s™. For small noise state spaces, this is quite tractable. When
performing inference, we can either find a single best noise state sequence[78] or sum

over all noise paths, which is both theoretically more reasonable, and more amenable to
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Speech modeld

Noise modeld

Figure 4.3: A Bayesian network of the noisy speech generation process. The upper model
is equivalent to the traditional speech HMM with continuous observation densities. We
model the noise process in a similar way. The noise and speech vectors, n; and x;

combine to produce the observed noisy speech vectors y;.

implementation in a large vocabulary speech recognition system[50, 80].

Ideally, we would like to perform exact inference in this graph. However, exact
inference is intractable due to the non-linear mixing of the speech x, noise n and channel
h to produce the observed corrupted speech y,s. Is Chapter 6 we discuss the cause of
the intractability, and in Chapter 8, we introduce and analyze a method for approximate

inference in this network.
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Figure 4.4: Bayesian network for the noisy speech process. The noise HMM of Figure
4.3 has been combined with the speech HMM. The new state variable s; is the concate-
nation of the state variable s7 and s}’ and the variable z is the concatenation of x and

n.

4.2 Approaches to Noise Robust Speech Recognition

The two environmental robustness paradigms that we have discussed, i.e. feature clean-
ing and model adaptation, fit well into the probabilistic graphical model viewpoint. At
the end of this chapter we will also discuss the how the third paradigm i.e. uncertainty

decoding follows from our desire to do inference proper in the graph in Figure 4.3.

4.2.1 Feature Cleaning

In the feature cleaning method[33], the goal is to restore the noisy features, such that
they resemble clean features. We can use the joint conditional distribution p(x, n, h|ys)
over clean speech x, noise n and channel h for this purpose. In this case, we can use the
Minimum Mean Squared Error (MMSE) criterion for estimating a point estimate X for

the speech vector x,

X = /X - p(X|Yops)dx = /x - p(x, 0, h|y.ps)dxdndh, 4.1

where y is the noise speech vector. This is equivalent to clamping y to y.s and passing

messages to x in the graph of Figure 4.2(a) (i.e. marginalizing over x). This gives us
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(X, ¥obs) from which we get p(x|y.ps) and then take the MMSE estimate. Note that
when we take the MMSE estimate, we loose the information about uncertainty that is

encoded in the distribution p(x|yps).

An advantage of this approach is that the complexity of the cleaning algorithm can
be low. For example, we can use the time invariant graph in Figure 4.2(a), instead of the
graph of the recognizer itself. Examples of methods that fit into this category are Spectral
Subtraction[7] and Codebook Dependent Cepstral Normalization (CDCN)[1], which we

will discuss in more detail in the Chapter 7.

4.2.2 Model Adaptation

It is known that if a speech recognizer is trained on noisy speech for a given noise type
(i.e. matched training), the recognition rate improves substantially. The goal of model
adaptation is to transform the acoustic models of the recognizer p(x|s) in such a way that
they approximate the noisy speech models p(y|s), i.e. the models that would be obtained
by training on speech in the current noise condition[26]. Hence the goal is to replace
these models with p(y|s). If we have the joint class conditional distributions, we can

accomplish this since

p(yls) = /ﬁ(x, n, h, y|s)dxdndh 4.2)

This is equivalent to clamping s* and marginalizing over y in the graph of Figure 4.3 for
each speech state s”, and replacing the acoustic distributions in the recognizer with the
resultant distributions p(y|s”). In this case, the decoding is based on the noisy speech

posterior p(s|Y).

Examples of methods that fall into this category include Parallel Model Combination

(PMCO)[29] and the Model Domain Vector Taylor Series (MD-VTS) method[62].
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4.2.3 Uncertainty Decoding

Feature cleaning methods deliver a point estimate of the clean speech to the recognizer.
Information about the uncertainty of the observation is lost. It is intuitively appealing to

instead use a distribution that reflects the uncertainty of the cleaned observation X.

A third paradigm for robust speech recognition is to perform inference in the natural
way suggested by the graph of Figure 4.3. If we do this, the message passed up the
network from variable node x to variable node s”, would be f(x) = p(ybs|x) which

would be combined with p(x|s”) to produce p(y.ps|s*), where

D(Yonsls®) ~ / D(Yonsl)p(x]7)dx. 43)

The end result is that the recognizer bases its classification on p(Y]s). If we could

perform exact inference, this would be equivalent to Model Adaptation.

However, the likelihood f(x) = p(y.ss|x) has a very non-Gaussian form. Thus, we
introduce a new method that achieves the same goal, but allows us to work with functions

that are more accurately approximated by Gaussians.

In the uncertainty decoding paradigm, we approximate p(s|y)/p(s) as'

p(yils:) p(silyi)
p(sY) ~ p(so “p(silsi—1) = p(so) -p(silsi-1)- 4.4)
e IT7 o 11" )

The uncertainty decoding method retains the information about the uncertainty of
the observations, which feature cleaning discards due to the point estimate. We will
see that this method differs from model adaptation because we are not attempting to
produce a distribution over all y for a particular speech class. This allows us to tune the

approximation to a particular observed y yps.

'In a second manifestation of the soft information paradigm, we approximate p(x|yops)/p(X).



Chapter 5

MPFC Transform and the Interaction

Likelihood

In this chapter we first discuss the Mel-Frequency Cepstrum (MFC) transformation. We
then take the MFC transform of the environment equation, and discuss the how uncer-
tainty about the relationship of the environmental components is introduced in the pro-
cess of dimensionality reduction. This will lead to the definition of the interaction like-
lihood that describes how likely different combinations of x, n and h are once we have

observed a particular value for the noisy observation ¥,ps.

5.1 The Mel Frequency Cepstrum Transform

Various acoustic features have been proposed in the literature [35]. Considerable work
has been dedicated to finding an effective low dimensional representation of the speech
signal. Some researchers have sought perceptually motivated features that mimic the

acoustic processing of the human auditory system, while others have had other goals

28
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such as computational efficiency.

Most commercial grade speech recognition systems use a form of Mel-Frequency
Cepstrum coefficients (MFCCs)[11, 38]. MFC features are both efficient to compute and
share characteristics with human auditory processing[68]. MFC features have proven to
perform well under noise free conditions (see Figure D.1 for a comparison of MFCC
features to Log-spectrum-features). As a result, a considerable proportion of noise adap-

tation research has focuses on the MFC features[33].

The Mel Frequency Cepstrum (MFC) transform is used to transform a segment of
the time signal into a set of features. There is a long history of using the MFC transform
for speech recognition. There are biological and technical justifications for the various
steps in the transform, but the most important reason for its use is its effectiveness in

producing high recognition rates.

Pre-00
emphasisO

> FFTO —® Magnitude

x{m] X[k] X[k

Mel warpingQ—» logD —» DCTO —>»

Figure 5.1: Block diagram of the Mel-Frequency Cepstrum Transformation.

There are several steps in the MFC transform as shown in Figure 5.1 [68]. The steps

of the transform are:

1. Take a segment of the sampled signal. In the front end that we will use this is
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25ms, or 200 samples when the signal is sampled at 8kHz. Then these samples are

windowed with a Hamming window,
z[n] = wln|2'[jS +n] for0 <n < L (5.1

where 2’ is the sampled signal, .S is the step size (e.g. 10ms or 80 samples at 8kHz)

and w[n] is the windowing function

1Wﬂ:OM—Om%w<%¥5%», (52)

where L is the window length (commonly 25ms or 200 samples at 8kHz).

2. Take the Fast Fourier Transform (FFT). This results in the complex Discrete

Fourier transform features X [k] [11].

—j27rkn} 7 (53)

X[k] = Z:c[n] exp [ 7

n

where K is the length of the FFT, (commonly 256 samples)

3. Take the magnitude squared of the FFT features. Phase information is discarded in
this step.
| X[R)* = X[K] - X~ [K]. (5.4

4. Mel warping. This operation averages the results of the FFT. It reduces the fre-
quency resolution of the higher components. In the Aurora front end, this step

reduced dimensionality from 256 coefficients to 23.
Xi =) AlKIXTKP (5.5)
k=0
where f; is the i-th filterbank[72].

5. Take the logarithm:
x; = log(X;). (5.6)
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6. Take the discrete cosine transform (DCT). After this step, the dimensionality is
further reduced by dropping dimensions 14 and higher, leaving a 13 dimensional
vector, for the original frame.

x. = Cx. (5.7

Where the elements of the C matrix are defined as follows[72]:

Cij = \/%COS (WNZ(] — 0.5)) ) (5.8)

7. Calculate time derivatives or delta and acceleration features. The delta coefficients
are also 13 dimensional as are the acceleration features. The results is a 39 dimen-
sional MFCC feature vector. The delta parameters are calculated from the base

features by

Az, — Zf:l R- (l’t+r — I’t—?“)
t — R o
2 Zr:l R
where R is a parameter (generally 2 or 3). The acceleration parameters are calcu-
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lated similarly from the delta parameters[72].

In addition to good performance there are several theoretical motivations behind the

use of the MFC transform.

e The phase of the speech signal is discarded as it is not thought to contain much

information.

e The Mel frequency warping produces frequency resolution that resembles the fre-

quency resolution of the human ear[83].
e The log operation matches the amplitude sensitivity of the human ear[83].

o The FFT-log-DCT combination performs a blind de-convolution of the signal and
separates the features associated with the shape of the vocal tract and the features

that represent the voicing.
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Perhaps equally important is the effect of the transform on the probability distribu-
tions of the speech features [19]. It can be shown that if the signal is a white Gaussian
process in the time domain, the spectrum features will be Rayleigh distributed. The Mel-
warped power spectrum features are approximately Chi-squared distributed while the
log spectrum and cepstrum features are well modelled by mixtures of Gaussians. Thus,
from the perspective of using parametric pdf functions to approximate these distributions,

namely GMMs, the MFC transform also has advantageous effects since

o the distributions in the MFC domain are well modelled by mixtures of Gaussians,

o the gain of the signal is only reflected by the first coefficient cy. If this coefficient

is discarded, then the features are gain-invariant.

The MFC transform serves to reduce the dimensionality of the features. For example, in
the Aurora reference front-end the frame is of length 200 samples. After Mel-frequency
warping the dimensionality is reduced to 23. Higher quefrency components are discarded
after the DCT transformation leaving a 13 dimensional vector, which is then expanded

to 39 dimensions by appending time derivatives.

Dimensionality reduction is an important component of any pattern recognition sys-
tem. However, from a source separation viewpoint, it is important that the features of the
desired and interfering signals not overlap completely in feature space. Dimensionality
reduction is a many to one mapping which may cause signals that are separable in the
linear or spectrum domain to become inseparable in a cepstrum domain. In other words,
the optimal feature representation for robust speech recognition may not be the same as
the optimal feature representation for speech recognition in clean conditions. For exam-
ple, retaining the voicing information, which is lost in the Mel frequency transformation,

and the truncation of the DCT matrix, may be important to robust speech recognition.
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This is the motivation behind extended representations, such as using microphone
arrays, or multi-modal speech recognition (using speech and visual lip features). In this
thesis, however, we will try to do the best we can with the features we already have,

namely the MFC features.

5.2 The MFC Transform of the Interaction Equation

We will now derive the equations for the noisy signal y in terms of x,n and h at all stages
of the MFC transform. These results will be required in the discussion of the interaction

likelihood.

The standard environment model was introduced Chapter 2 (see Figure 2.2). In the
time domain the relationship is

y[m] = 2 x[m — k]h[k] + n[m], (5.10)
k=0

[y

where x[m] is a sample of the clean speech signal, n[m] is a sample of the noise signal,
hlm] is the impulse response of the linear channel, y[m] are the samples of the noisy

speech signal.

The first step in the MFC transform is to take the Discrete Time Fourier transform of
the signal,
Y[k] = X[k|H[k] + N[k]. (5.11)

Next we take the magnitude square!,

V{k][* = | X k][ H[K][* + [NE][* + 2| X k)| H k][N (]| cosby., (5.12)

The Aurora reference front end uses the magnitude while the front end of the Microsoft Whisper

speech recognition system uses magnitude squared.



CHAPTER 5. MFC TRANSFORM AND THE INTERACTION LIKELIHOOD 34

where 6y, is the angle between X [k]H [k] and N [k]|. The phase information is lost in this

operation.

We then do Mel-frequency binning, which reduces the resolution of higher frequency

components,

YowlYIKP = Y wl XKPIHRP + ) wiIN[K]?
k k k

+ 2w | X[K]|| H[K]||N[K]|costy, (5.13)
k

where wj, are the weights of filter bank 7 and ), wj, = 1 for all i. The Mel-binning
operation can be seen as having the effect of weighting the lower components of the

DFT more heavily when calculating acoustic scores.

To simplify the notation we define:

Y= wilYHP, X7 =) wilX[KP,
k

NP =) wiN[K][P,  HP =) wilHKP.
k

Also define:

it = (S oiil) (S wiier S0

= > wiX[KIPIH[F]] - ecri. (5.15)
-

The error term ecp; is O only if H[k] is constant over the bins of each filterbank. If the

channel is not constant, then this assumption introduces error due to the cross terms.

We then define the pseudo-normalized phase related term:

2 Wil X K] || H [E][| NK] |costy

= = = - . 5.16
Vs X PSS, o HP /S, wl NP (10

)
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Substituting this into Equation (5.13) we get
Y2 = XZH? + NP + 204 | X; || Hy| | N | + e (5.17)

The next step is to take the log. Taking the log of Equation (5.17) and using the notation

yi =InY?, x; =In X?, h; = In H?, n; = In N?, we arrive at
yi =x; + h; +1In |1 4+ exp(n; — x; — hy)
+ 2a; exp((n; — x; — hi)/2) + ecri exp(—z; — hi)} (5.18)
or

yi = x; + h; + In(1 + exp(n; — x; — h;))

20(2' exXp ((Tll — T — hz)/2) + €CTi exp(—a:i — hl)
1+ exp(n; — z; — hy)

+1In (1 + > . (5.19)

Since the dimensions are independent, we arrive at the interaction equation in the log

spectrum domain

y=x+h+In(l+expn—x—h))+e, (5.20)
where x = [z1,...,zy] and e is the error term
e—m(1+ 2ccexp (m —x —h)/2) + ecrexp(—x — h) - (521)
1+ exp(n —x — h)
For notational convenience, we define:
g(z) = In(1 4 exp(z)) (5.22)

and write Equation (5.20) as

y=x+h+gnh—-x—h)+e. (5.23)
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When modelling the relationship between y, x, h and n, most noise robustness tech-
niques overlook the error e in Equation (5.19) and assume the relationship is exact. Be-
low we will describe two ways in which the error term can be taken into account by using

a distribution over y given x, h and n.

Finally we take the DCT. Defining xo = Cx etc. we write
yc +xc +he 4+ Cg (C'(ne — x¢ — he)) + Ce, (5.24)

where C is the truncated DCT matrix.

5.3 The Interaction Likelihood

Due to the error term, the relationship between y, x, n and h is not exact. We will take

this into account by using a probability distribution.

5.3.1 Fixed Variance Interaction Likelihood

A first approximation is to assume that the error term e is zero mean and Gaussian. This

leads to the distribution over y in the log-spectrum domain
p(ylx,h,n) = N(y;x+h+1In(1 +exp(n —x —h)), ¥). (5.25)

In this case, the variance is fixed. We will call this the interaction distribution.

Since our observations are noisy speech features y s, we are more interested in the

interaction likelihood

f(X7 n7h) = p(y = yObS|X7 h7 n)
=N(y =yus;x +h+In(l +exp(n —x —h)),¥). (526)
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p(ylx,n), y =851

obs

Figure 5.2: Magnitude independent interaction likelihood f(x,n) = p(y = 8.51|z,n).

Figure 5.2 shows the a plot of 1 filter bank component of the interaction likelihood
for y,ps = 8.51. This plot shows the combinations of noise and speech that are likely to
produce the observation. For example, if speech dominates noise, then we lie on vertical

part of the curve. If noise dominates speech, then we lie on the horizontal portion.

5.3.2 Interaction Likelihood with Magnitude Dependent Variance

The relative magnitude of x and n does have an effect on the size of the error in the

interaction equation.
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We can take this into account in the following way?. Recall the magnitude squared

relationship in Equation (5.12),
VK] = [X[E]P[H K] + [N k) + 2| X k]| H K] N]k][cosy. (5.27)

Even if we have knowledge of | X [k]|?, H[k]|* and | N[k]|?, uncertainty about |V [k]|? is
due to the lack of knowledge about the phase 6j,. Since N[k] is independent of X [k] and
HIk], 0 is uniform in (—m, 7). Hence we introduce a random variable r, = cos(6y)

which has the distribution

—_ ifr] <1
p(r) = ™7 (5.28)

0 otherwise.

If X[k], H[k] and N|[k] are constant within a filter bank 7, the random variable «; is
=3 uin. (529)
k

This random variable is zero mean and has probability O outside of (-1,1). The variance
tends to O as the number of bins in the filter tends to infinity. Although «; is dependent

on X |[k|, H[k] and N[k]| we will assume it is zero mean with variance ;.

Now we can write (omitting ecr)

2&6((n_x_h)/2)
_ (n—x—h)
y = x+h+In(l+e )+ 1n (1 L re—— == ) (5.30)
- h+In(l + ™M) 4 1n (1 a . (531
x+h+In(l+e )+ n< +cosh(n—x—h) (5.31)

The last term in equation 5.30 using the first term in the Taylor series approximation for

In(1+ 2):

a a
In |1 ~ 5.32
m cosh(n — x — h)] cosh(n —x — h)’ (5.32)

2Derivation due to Alex Acero
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which is accurate for small values of «v. We can therefore write

a
cosh(n —x —h)

y ~x+h+1In(l 4 e® > M) 4 (5.33)

f(x,n) = p(y=8.50Ix,n)

Figure 5.3: Magnitude dependent interaction likelihood f(z,n) = p(y = 8.5|z,n). In
contrast to the magnitude independent case (see Figure 5.2) the variance decreases as the

difference in magnitude of x and n increases.

Assuming « is zero mean with variance ¢) we arrive at the interaction equation with

magnitude dependent variance:

Y
[cosh(n — x — h)]?

p(y|x,h,n) = N (y; X +h 4+ In(1 4+ e®@>"h)), ) (5.34)
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From the expression of the variance, we see that if n; ~ x; and h; is small, then the
denominator will be close to 1. Thus the variance is largest around the bend in Figure
5.3. If noise dominates speech or speech dominates noise, then the denominator will be

large, and the variance small.

5.3.3 Empirical plot of Interaction Likelihood

We would like to empirically assess the error in the interaction equation, for a particular
observed value y.,, since this would reveal the form of the interaction likelihood. To
do this, we could compute the log-spectrum features of a clean file, the log-spectrum
features of a noise file and the log-spectrum features of noisy speech file that results
from mixing the two. We could then plot all data pairs for x, n for a small range of y

values (assuming no channel distortion).

In the log-spectrum domain the sample set {{z1,n1,91},...,{zn,nn,yn}} (N is
the number of observations) can be viewed as a representation of the joint distribution
p(xz,n,y). By noting that p(z,n,y) = p(z + A,n + A,y + A), we can produce a
plot that is proportional to p(z, n|Yoss) = P(Yobs|T,m)/(p(x) - p(n)). This gives us a
good appreciation for the true interaction likelihood p(yeps|x, ), assuming p(z) - p(n) is
relatively flat. The plot in Figure 5.4 was produced calculating the value A; = 8.5 — y;
and then plotting (z; — A;, n; — A;) for dimension 6 for data files at 20dB.

Notice how remarkably similar the magnitude dependent likelihood in Figure 5.3 is

to the scatter plot in Figure 5.4.
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Scatter plot of (xi—Ai, n—Ai) where A= 8.5—yi, for filter bank 6 at 20dB
10

Figure 5.4: Scatter plot of p(z, n|yos) = P(Yos|z,n)/(p(z) - p(n)). This plot gives a
good idea of the form of the true interaction likelihood p(yps|z, 7). Notice how similar

this plot is to the magnitude dependent likelihood in Figure 5.3



Chapter 6

Inference in Non-Gaussian Networks

In this chapter we will discuss inference in the network of Figure 4.2(b). This is the
simplified “cleaning” network where the time dynamics of the speech and noise process
have been ignored. This model will be used in the MMSE-Algonquin algorithm that is
the subject of Chapter 8. We will start by discussing the speech, noise and channel com-
ponent models and then plot the posterior distribution over = and n for a given observed
Yobs- This will demonstrate how the non-Gaussian interaction likelihood is the cause of

intractability of inference.

6.1 The Component Models

To perform inference in the graph of Figure 4.2(b) we need to specify the components of
the model. These are, the prior speech model p(x), the prior noise model p(n), the prior

channel model p(h) and the interaction likelihood p(y|x, n, h).

42
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6.1.1 The Speech Model

Many modern speech recognizers use Gaussian mixtures to model acoustic

observations[68]. We will also use a mixture of Gaussians to model speech. Thus
p(x) = Zp(sx)p(x|3x) = Zwsz(x; Pgry Dise ). (6.1)

The parameters of the speech model can found either from the parameters of the clean
speech models of the recognizer or found by training a mixture model directly on clean

speech features.

The soft information paradigm that we discuss in Chapter 10, requires the correspon-
dence of the states of the recognizer and the classes of the speech model. For large

vocabulary tasks, there can be tens of thousands of states.

The feature cleaning paradigm has the advantage that we can used a simplified speech
model that has far fewer mixtures than the model constructed from the acoustic models

of the recognizer.

6.1.2 The Noise Model

Similarly to the speech model, we used a mixture of Gaussians to model noise:
p(n) = Zp(s”)p(n|s”) = Zﬂan(n; fsn, Hign). (6.2)
S'VL S7L
It some cases, it suffices to use a single mixture for the noise model e.g., for low
intensity office noise. In other cases, significant gains in recognition accuracy can be
achieved by using multiple mixtures. If the noise process is non-Gaussian, e.g., if it is

non-stationary, then multiple noise mixtures provide a more accurate model[50].

Significant gains can be also achieved by adapting the parameters of the noise model

to the current noise conditions, e.g., by using a generalized EM approach.
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6.1.3 The Channel Model

The channel will be modelled in exactly the same way as the speech and noise models

p0) = 3 p(s")p(hls") = 37w V(b e, B0, 63)

The channel is often slowly varying or constant throughout an utterance. In many
cases, a point estimate is a sufficiently good model of the channel, which is a special
case of Equation (6.3) when we use a single component and the variance approaches
zero. For modelling consistency we use this expression. Another reason for using this
expression is that when learning the channel parameters from data, the convergence rate

is highly dependent on the variance.

For notational purposes, we will denote the combined column vector [x; n; h] as z.

We can then use the shorthand

p(zls) = p(x|s”)p(n]s")p(h[s") =
x| |p% . 0 0
N(zp, X)) =N | |n|;|p%|.] 0 X% 0 . (64
h| |ph o o0 X

The joint distribution over x,n,h and y and the class variables s* ,s™.sh is thus

p(y,x,n,h, 5%, s"s") = p(y[x,n,h)p(s")p(x|s")p(s")p(n|s")p(s")p(hls"), (6.5

or

p(y,2,s) = p(y|z)p(s)p(z]s). (6.6)
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6.2 Inference

The last component we need in order to perform inference in the model of Figure 4.2(b)

is the interaction likelihood, which was discussed in Chapter 5.

We now have all the components of the network in Figure 4.2(b), i.e. the compo-
nents required to express the joint distribution p(y, x, n, s*, s"), omitting the channel for

clarity.

In the log-Mel-spectrum domain, the dimensions of x, n and y decouple. Each di-
mension corresponds to energy over a small frequency range. We can therefore plot a

single dimension or frequency bin.

In order to choose a representative speech model component, we use state 4 of the
speech model for the word ’three’. The observation vector is taken from the middle of
the word ’three’, from a file with noise at 15dB SNR. The single component noise model

p(ng|s™ = 1) is estimated from the first 20 frames of the file.

The top left plot in Figure 6.1 shows dimension 6 of the speech model p(zg|s® = 4).
The top right plot shows dimension 6 of the noise model p(ng|s™ = 1). The bottom
right plot shows the interaction likelihood f(xg,n6) = pP(Ye,0bs|T6, n6) for a particular

observation ys = 9.16.
The bottom right plot in Figure 6.1 shows the joint distribution over noisy speech,
clean speech and noise p(yg = 9.16, zg, ng|s* = 4,s" = 1),
p(ys = 9.16, 26, ng|s” = 4,s" =1) =
p(ys = 9.16|z6, ng)p(xs|s” = 4)p(ngls” = 1) (6.7)
There are a few things to note about these plots. First is the relative variance of the

noise and speech components. A single component noise model tends to have much

greater variance than the components of the speech models.
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Secondly, and more importantly, the joint distribution curves as it approaches the
bend in of the interaction likelihood. This effect is the root of the intractability of exact
inference in the network, because we cannot easily integrate this function to find marginal

distributions.

It is known that the Gaussian form is very convenient from a computational perspec-
tive. In Chapter 8 we discuss how to perform exact inference in the network, by using an
approximations to the interaction likelihood. The method relies on using a linearization
of the interaction likelihood. The expansion point of the linearization is iteratively im-
proved to minimize the error in the approximation to the posterior (see Figure 8.2). The
result of using this approximations is that the posterior becomes Gaussian and inference

becomes tractable.
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Speech prior f(x,n) = p(x) Noise prior f(x,n) = p(n)

-
o
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o
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(a) Speech prior. (b) Noise prior.

f(x,n) = p(y=9.37Ix,n) Joint distribution f(x,n) = p(x,n,y )

obs'’

(c) Non-linear interaction likelihood. (d) Non-linear joint distribution.

Figure 6.1: (a) The speech model p(zs|s” = 4). (b) The noise model p(ng|s™ = 1).
(c) the interaction likelihood p(ys = 9.16|x¢,n6). (d) The joint distribution p(ys =

9.16, zg, ng|s* = 4, s™ = 1). Notice the non-Gaussian form of the joint distribution.



Chapter 7

Performance Evaluation and the Prior

Art

It is possible to calculate the probability of error of a speech recognizer in the same
way that was done for the simple vowel/fricative classifier in Chapter 3, i.e. by using
a Monte-Carlo method. Although this may be useful for gauging the relative error of
different robustness methods, or to assess the confusion probabilities of specific models

it is more common to evaluate the performance of a robustness method on real data[37].

A common way of reporting the performance of a Robustness Automatic Speech
Recognition (RASR) method, is to compare it to the performance of Spectral
Subtraction[7]. However, each research group has its own implementation of Spectral

Subtraction, which perform differently’.

ITable 7.2 shows the results of running a faithful implementation of Boll’s original Spectral subtraction

on Set A of the Aurora data set.

48
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7.1 Measuring Performance

In speech recognition, the most common figure of merit is based on word accuracy. It
is also possible to use other measures, such as sentence accuracy or even “meaning”
accuracy, when the recognizer has to recognize a smaller set of key words that relate to

the meaning of the sentence. In this thesis we will base the accuracy measures on words.

Percent Accuracy

Percent Accuracy is defined as[72]

N-D-S—-1

¥ x 100%, (7.1)

Percent Accuracy =

where I is the number of inserted words, .S is the number of substituted words, D is the

number of deleted words and N is the total number of words in the transcription.

Word Error Rate

The Word Error Rate is defined as

I+S+D
WER = % x 100% = 100% — Percent Accuracy. (7.2)

Accuracy and WER will be the preferred way of reporting absolute performance.

Relative Reduction in WER

When assessing the relative merits of a particular method, a more informative measure

1s the relative reduction in WER

WE RMethod 2

Relative WER Reduction = 100% — ————=
WE RMethod 1

x 100%. (7.3)
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7.1.1 The Aurora Evaluation Framework

Until recently there was no good method for different groups working on robust speech
recognition to compare the performance of their RASR methods. Different groups used
different data sets with different noise types, using different ways for calculating the

noise and signal levels when estimating SNR.

The Aurora 2 data set was produced by the European Telecommunications Standards
Institute (ETSI) STQ-AURORA DSR Working Group [37]. The data-set includes train-
ing data, test data, a standard front end and the HTK speech recognition system[72].
The motivation for the creation of the database was to evaluate different methods for dis-
tributed speech recognition, i.e. recognition of speech from mobile phones, kiosks etc.
Since the Aurora 2 is a complete recognizer with testing and training data, only the noise

robustness machinery changes from one group to the next.

The Aurora data set will serve as the major means of evaluating the different methods
discussed in this thesis. The database uses a subset of the TI digits database, which
contains spoken digits under clean conditions. Each noise condition consists of 1001
files containing 1 to 5 spoken digits each. Noise is added to these files at different Signal
to Noise Ratios (SNR). There are three test sets, A, B and C and two training sets, clean
and multicondition. Sets A and B have and the multicondition training set have additive
noise and are filtered to match a G.712 frequency response characteristic while set C has
additive noise and different channel distortion due to being filtered to match a the MIRS

frequency response characteristic.

Noise is added to the speech files at 6 different levels, (20dB, 15dB, 10dB, 5dB, 0dB
and -5dB). There are various ways of calculating the SNR depending on how the signal
and noise levels are computed. In Aurora, the signal level is computed from the speech

portions of the file only.
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Subway | Car | Babble | Exhibit | Average

Clean 98.96 |99.06 | 99.02 | 99.17 99.05
20 dB 9702 | 88.33 | 96.06 | 96.39 94 .45
15 dB 9325 | 7098 | 85.09 | 90.77 85.02
10 dB 7842 | 4643 | 5771 | 72.82 63.84
5dB 5032 | 2509 | 27.56 | 40.05 35.75
0dB 2404 | 1218 | 11.36 | 1395 15.38
-5dB 12.16 | 7.65 8.62 8.39 921

Average || 68.61 |48.60 | 55.56 | 62.80 58.89

Table 7.1: Accuracy for Set A of the Aurora 2 database for different noise types at

different SNRs. No processing has been performed on the noisy speech data.
In Set A the noises that are added to the clean speech file are:

e Subway: Sounds of a subway terminal and trains going by
e Car: Sound inside a driving car
e Babble: the sound of a room full of people talking simultaneously

e Exhibit: the sound of an art exhibit

These sounds are all non-stationary sounds where Car noise is the least varying, and
Subway is the most varying. Similarly, Set B contains Restaurant, Street, Airport and
Station. Set C contains two noise conditions, Subway M and Street M noise which have
been filtered with the MIRS filter. Baseline results, i.e. results when the noisy files are

fed directly to the recognizer, are give in Table 7.1.

Set A and B are similar in the respect that there is no mismatch between the channel

in the training and testing sets. A robustness method does not need to correct for any
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channel mismatch. The difference between sets A and B, besides the different noises,
is that for set A, it is allowable to incorporate global knowledge of the noise into a ro-
bustness method. Some robustness methods build a mapping from noisy speech to clean
speech. These methods are called “stereo” based methods, in the sense that they are
constructed using clean speech and the same speech after it has been distorted (i.e. not
binaural). They are non-parametric and therefore do not adapt well to new noise environ-
ments. This is the reason for sets A and B, since is allowable to construct such a mapping
from set A, but not for set B. SDCN[1] and SPLICE[12] are examples of “stereo” based
methods. However, in this thesis we look only at parametric methods that incorporate an
environment model, and use only the current file to estimate the parameters of the noise
mode. Sets A and B are therefore equivalent for our purposes. The purpose of set C is to

asses the effectiveness of a robustness method at handling channel distortion.

7.1.2 The Aurora-HTK Recognizer

The Aurora 2 database also describes the word models and the training procedures for the
CUED-HTK? speech recognition system[72]. There are 11 word models (one, two, three,
four, five, six, seven, eight, nine, zero, oh), each of which is a 16 state forward HMM. In

addition there are two silence models; a 3 state model, and a single state model.

7.2 The Prior Art

In this section, the most relevant feature domain and model domain methods will be
discussed, and recognition results on the Aurora 2 database will be given for some of

them.

2Cambridge University, Engineering Department Hidden Markov Model Tool Kit
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7.2.1 Feature Cleaning

These methods alter the noisy features y such that they resemble the clean features x.
Referring back to the block diagram of a speech recognition system in Figure 2.1, these
change the features before they enter the Acoustic scores block. They can work in the
time domain, i.e. before the Feature extraction block. They can work in the MFCC do-
main, i.e. they alter the features between the Feature extraction block and the Acoustic
scores block or they replace part of this block. Methods that fall into this category
include Spectral Subtraction (SS)[7], Cepstrum Mean Normalization (CMN)[25], the
RelAtive SpecTrAl method (RASTA)[36], Codebook Dependent Cepstral Normalization
(CDCN)[1] and SPLICE[12].

A characteristic of these methods is that they produce a point estimate of the clean

features. Hence, they discard what is known about the uncertainty of the features.

Spectral Subtraction

It is informative to look at Spectral Subtraction, since it is the most straightforward
and perhaps most widely used feature domain technique[7]. Various extensions to this
method have been proposed[46]. Spectral Subtraction does not use a prior model for

speech.

In its original form SS is a time domain method and is intended for removing the
effects of additive noise n[m] only, hence the interaction equation is y[m| = x[m|+n[m|
or using the power spectrum: |Y'(f)|? = | X (f)|?*+|N(f)|?. Boll assumed that the effects
of the noise can be modelled as a bias in the spectrum domain, i.e. the noise is assumed

to be steady state noise with zero variance. The bias is estimated from a section of the
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signal that contains only noise (this necessitates a good speech/non-speech detector),

M-1

IN(HI2 = % S (7.4)
i=0

The noise bias is then subtracted from the short time spectrum values. The estimate of

[ X(f)[ is

XN =Y ()2 = IN(HP- (75)

—

Due to the point estimate of the noise, this method suffers from the fact that the | X (f)|?
can become negative. This is in fact only one of 5 steps in the original spectral subtraction

algorithm.

Spectral subtraction is often used as the baseline method that other methods are com-
pared to. Results for a faithful implementation of SS are shown in Table 7.2. Notice
that the performance of high SNR deteriorates compared to not processing the features
(see Figure 7.1). Due to the rectification of Equation (7.5) and noise/speech classifica-
tion, distortion is actually introduced into the signal at higher SNRs causing recognition

performance to degrade. For lower SNR the performance is better than if nothing is done.

MMSE Vector Taylor Series

The Vector Taylor Series (VTS) method[62, 63] is related to the Algonquin method in
that both use the Vector Taylor series to linearize the relationship between y, x, n and
h. The VTS method is in essence a model adaptation method but can be used to clean
features as well as to update acoustic models. We will first discuss the method for the

purpose of cleaning features.

The VTS method uses a point estimate of the noise process® as SS does, but it also

3The 0-th order version uses a point estimate for the noise, but the 1-st order version takes the variance

of the noise process into account
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Subway | Car | Babble | Exhib. || Ave.

Clean 97.14 |96.70 | 97.58 | 97.38 || 97.20
20dB 91.65 |82.65| 9430 | 87.04 || 88.91
15dB 82.84 | 71.67 | 88.99 | 7751 || 80.25
10 dB 68.19 | 5623 | 7939 | 61.74 || 66.39
5dB 46.58 | 38775 | 6347 | 41.01 || 4745
0dB 23779 | 1895 | 3582 | 21.69 || 25.06
-5dB 11.18 | 955 | 1393 | 10.89 | 11.39

Average || 62.61 | 53.65| 7239 | 57.80 || 61.61

Table 7.2: Accuracy for Set A. Results for Spectral Subtraction. Noise level estimated

from the first 20 frames.

uses a prior model for speech. Another difference is that we work in the log-spectrum

domain.

The equation to find a point estimate for clean speech is

M-1
B=y = P(s|y)f (e tin: 110, (7.6)
s=0
where
f(z,n,h) = h+log(l+ exp(n —z — h)). (7.7)

and P(s|y) is the posterior probability of each component of the speech model. In the
VTS method, the relationship between =, n, h and n is assumed to be an exact i.e.
y=x+ h+log(l —exp(n —x — h)). We will explain how P(s|y) is found in the next

section.

Intuitively, this equation is similar to the cleaning equation of spectral subtraction i.e.

Equation (7.5), but instead of subtracting a fixed noise vector, this method subtracts the
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“best” correction vector from the current observation. The correction vector is a weighted
sum of component correction vectors f(fizk, fn, ftr), €ach of which corresponds to a
speech center (., j, of the prior speech model. If the combination of a particular speech
center /i, noise /i, and channel 1, is a good explanation for the observed value y, then
the score P(s|y) will have a relatively high score (close to 1) and the resulting estimate

Z will be close to iy 1.

Moreno evaluated MMSE VTS and found it to outperform CDCN[62] which in turn
produces better results than SS[1]. Table 7.3 shows results for MMSE-VTS of order 0
and Table 7.4 shows results MMSE-VTS of order 1.

Subway | Car | Babble | Exhibit | Average

Clean 9899 |199.12 | 9905 | 99.26 99.11
20 dB 9656 | 97.85| 9746 | 9645 97.08
15 dB 92.08 | 9547 | 9404 | 91.70 93.32
10 dB 80.66 | 87.76 | 80.11 | 80.10 82.16
5dB 5800 | 65.15| 51.54 | 54.83 57.38
0dB 30.80 | 31.32 | 24.19 | 24.99 27.82
-5dB 1529 | 1194 | 1396 | 11.14 13.08

Average | 71.62 | 7551 | 6947 | 69.61 71.55

Table 7.3: Accuracy for Set A. Results for Oth order VTS. A 256 mixture speech model

was used. Noise level estimated from the first 20 frames.

7.2.2 Model Adaptation

Model domain methods alter the acoustic models of the recognizer, based on a model of

the noise process. Methods that fall into this category include Parallel Model Combina-
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Subway | Car | Babble | Exhibit | Average

Clean 98.99 [99.12 | 9905 | 99.26 99.11
20 dB 9727 |97.61 | 98.18 | 97.38 97.61
15 dB 9533 | 9353 | 9597 | 9457 94 .85
10 dB 8775 7923 | 85.77 | 86.36 84.78
5dB 68.04 | 49.64 | 53.65 | 61.77 58.28
0dB 37.61 | 2041 | 22.79 | 2632 26.78
-5dB 1593 | 535 | 1020 | 1043 10.48

Average | 7720 | 68.08 | 7127 | 73.28 72.46

Table 7.4: Accuracy for Set A. Results for 1st order VTS. A 256 mixture speech model

was used. Noise level estimated from the first 20 frames.

tion (PMC)[26] and the Vector Taylor Series (VTS) method[62, 3, 50]. Referring back
to the block diagram of a speech recognition system in Figure 2.1, these methods swap

in a different set of acoustic models.

Model Domain VTS

As noted above, the VTS method alters the models p(z|s) so that they approximate

p(yls). If we start with the model in Figure 4.2(b), we can write

p(yls) = / plolem Bplelp(p(h) (78)

The VTS method approximates p(y|s) with a Gaussian distribution. As mentioned
before, the relationship between x, n, h and n is assumed to be an exact i.e. y =

z+ h+log(l —exp(n —x — h)) or

p(y’$7 n, h) = 6(y - (3:’ + f(x7n7 h‘)))> (7.9)
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where f(x,n,h) = h +log(1 — exp(n — 2 — h)). The noise and channel models p(n)
and p(h) are also replaced by delta functions p(n) = d(n — ng) and p(h) = 6(h — hg),
thus

plyls) = / 5(y — (& + [z, o, ho)))pa (2] s)d. (7.10)

It is still not possible to perform the integral in Equation (7.10), due to the non-linear
function f(x,ng, ho). The approach taken in the VTS method (and Algonquin) is to

linearize the f at z(,ng and kg using the Vector Taylor Series
d
file,n,h) = f(xo,n0,ho) + %f(xo,no, ho)(z — o) (7.11)
d d
+ %f(fﬁo, No, ho)(ﬂ — TL()) + %f(ifo, No, ho)(h — ho) (712)

Once this has been done, the integral can be taken without any difficulty.

Recall that p(y|s) is approximated by a Gaussian. Hence, we instead find the mean

and variance of p(y|s) is

e = E(y) = / y / 5y — (& + fulw.no, ho))p(z|s)dedy,  (7.13)

and

Sys = E(®) — 1, (7.14)
If we use only the first term in the Taylor series, then the parameters of p(y|s) are

Hy k = Mz + f(,uz,lw M, /-Lh)a (715)
and
Ey = s (7.16)

The updated acoustic models p(y|s) are used instead of the original acoustic models
p(x]s). The acoustic models can contain multiple mixtures. In this case, the transforma-

tion is repeated for each mixture, independently of other mixtures.



CHAPTER 7. PERFORMANCE EVALUATION AND THE PRIOR ART 59

The first order vector Taylor series can also be used, which results in slightly more

complicated update equations for ¥,*
Sy =1+ )1+ F)T, (7.17)

while 11, remains the same. In Equation (7.17) F, = % (x0, no, ho) is the matrix deriva-

tive of f evaluated at g, ng, ho.

The VTS method requires an expansion point xg, ng, hg. This expansion point is
chosen to be the mode of the speech distribution 1, , the mode of the noise distribution

14, and the mode of the channel distribution fiy,.

For the MMSE version of VTS, we require p(s|y), i.e. the weights used in Equation
(7.6). These are found by

P(sly) = pi(yz’)‘z/];(s), (7.18)

the mode of the channel model ,.

Acero et al.[3] compared the accuracy of VTS and PMC and found that VTS more

accurately updated the model parameters of p(y|s).

Since the MFC acoustic models are used and not log-spectrum models, the equations
become slightly more complicated, and one has to transform the delta and acceleration

models as well. This is form of the equations is reported in [3].

7.3 Discussion

Figure 7.1 shows the average results for the methods discussed in this chapter. The red

line (circles) shows the results of running the recognizer directly on the noisy speech

*If n and h are not assumed to be point estimates, the update equation is £, = (1+ F,) %, (1 + F,)T +
F,3.FT + (1 + F)Sh(1 + F,)T as reported in [63]
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files. The green (boxes) line shows the results for Spectral Subtraction, and the blue line

(triangles) shows results for the Vector Taylor Series Method.

The first order VTS method performs considerably better than the Spectral Subtrac-
tion method. There are a number of differences between these two method, but an im-
portant difference is that the VTS cleaning algorithm uses a speech model, whereas SS
does not. This result was predicted by the results in Chapter 3, where we saw that incor-

porating a speech model into the cleaning paradigm produced better results.

Average accuracy, Set A

Percent Accuracy

-5 0 5 10 15 20 >40
SNR

Figure 7.1: The plot shows results for the various cleaning methods discussed in this
chapter. The red line (circles) shows the results of running the recognizer directly on the
noisy speech files. The green (boxes) line shows the results for Spectral Subtraction, and

the blue line (triangles) shows results for the Vector Taylor Series Method.



Chapter 8

The Algonquin Framework

In Chapter 4 we stated that from the probabilistic viewpoint, we wish to perform infer-
ence in the graph of Figure 4.3. In Chapter 5 we saw that the MFC transform involves
taking the Log of the Mel-spectrum features before performing the DCT. The Log is a
highly non-linear operation, and is the root of the computational hurdles, that need to be

addressed in order to perform inference efficiently in this graphical model.

The Algonquin algorithm [23] produces a Gaussian approximation to the joint con-
ditional distribution p(x, n, h|y.s) (see Figure 8.1). As we saw in Chapter 6, this distri-
bution is a mixture of components that cannot easily be used, e.g. when we wish to find
a point estimate, due to the difficulty of integration. The Algonquin method allows us to
work with a Gaussian approximation to the joint conditional distribution which in turn

allows us to find point estimates of x, n and h or approximate p(s|yops)-

The Algonquin method uses a linear approximation to the interaction equation. The
leads to a Gaussian form for the Interaction likelihood which makes inference tractable.

In this chapter we introduce the Algonquin method and discuss its performance.

61
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Joint distribution f(x,n) = p(x,n,y ) Approximate joint f(x,n) = p(x,n,yobs)

obs'’

(a) Non-linear joint distribution (b) Linear joint distribution

Figure 8.1: (a) Non-linear joint distribution for observed y,,s = 9.37. (b) Linear approx-

imation to joint distribution found using the Algonquin algorithm.

8.1 The Algonquin Framework

In the following sections we first discuss the linearization of the interaction equation
and then go on to discuss the Algonquin framework and how it allows us to iteratively

improve the linearization.

8.1.1 Linearization of the Interaction Likelihood

The Algonquin method uses a Taylor series linearization of the interaction equation. The
non-linear interaction likelihood is shown in Figure 8.2(a) while the approximation to

the non-linear likelihood is shown in Figure 8.2(b).
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P(YIX,N), Y s = 851 pyixn), y,, =851

obs

(a) Non-linear interaction likelihood (b) Linear approximation

Figure 8.2: (a) Non-linear interaction likelihood. (b) Linear approximation to interaction

likelihood.

Recall that the interaction equation in the log spectrum domain is
X
y~g(|n|) =x+h+In(1+exp(n—x—h)). (8.1)
h
Define z = [x"n”h7]. In order to linearize this equation using the first order Taylor
series, we require the function evaluated at an expansion point g(z), and it’s derivative

G(z) at the same point
g1(z) = g(20) + G(z0)(z — 20). (82)

Taking the derivative of the i—th component of the vector g with respect to the j—th

component of x; we find

d Xy, z}z 1
g(wi,ni, hi) _ (8.3)
d%‘ 1 + exp(ni — T; — h,)
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if © = j and O otherwise. Similarly, the derivative with respect to n; is

dg(ws,ni, hi)  exp(ng — x; — hy)

= . 84
dn; 1+ exp(n; —x; — hy) 84
The derivative with respect to h; is equal to the derivative with respect to x;.
We define the d x d matrices, where d is the dimension of x:
d h d h d h
G’x(X,IL h) _ M :dzag g(zlanly 1) g(xdandv d) 7 (85)
dx dxy dxg

and similarly for G,, and Gy,. diag[x] means that the elements of the vector x populate
the diagonal of a diagonal matrix. For notational purposes we define the 3d x d matrix:

_ dg(z)
dz

G(z) I[Gx(x,n,h); G, (x,n,h); Gh(x,n,h)} (8.6)

Now we can finally write the linearized joint distribution, using the subscript [ to

differentiate it from the non-Gaussian joint distribution:

pl(yv z, S) = N(y; g(ZO) =+ G(ZU)(Z - ZO)a ‘II)T‘-SN<Z; Hs, Zs) (87)

Note that the linearized joint distribution is a function of the linearization point z.

8.12 The Posterior ¢, (z)

The distribution of Equation (8.7) is Gaussian and we can potentially marginalize over

any of its random variables. There are two problems with using p; directly:

e The form of Equation (8.7) does not allows us to directly read off the mode of the

distribution and the marginal p(y,ps|s).

e p; requires a linearization point zg, and using a poor choice for z, can have a very

negative effect on the results.
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To solve the first problem we will rewrite p; as ¢ using an alternate parameterization. To
address the second problem, we will iteratively update the Taylor series expansion point,

which allows us to align the mode of the approximate posterior ¢ to the true posterior p.

Our ultimate goal is to perform inference for a particular observation y,;. Let us
therefore discuss the form of the function ¢(z|y.s), i.e. the re-parameterized version
of the linearized joint posterior function p;(z|y.s). The posterior is represented by a

Gaussian mixture model

pl(xv n, hb"obs) = Q(Xa n, h|YObs) = Z Q(Sz: Sna Sh’Yobs)Q(Xv n, h|SI7 Sna 5h> yobs)v
s,sm sh

(8.8)

or using shorthand notation

Ay s (Z) - Z Psy ops (Z|S)7 (8.9

where the subscript y ;s indicates dependence on the observations. The posterior mixing
weights for classes s%, s and s" are gy, (5%, 5", s") =~ p(s7, 5", s"|yops). We use the

shorthand p . 4n . or ps for gy, (57, ", s").

The form of each mixture is

x T xn xh
X nszsnsh (}stnsh (ﬁszsnsh ¢stnsh
T n Ghy _ . n zn nn nh
qYUbs(X7 n, h’S 55,8 ) =N N [ MNagngh | o q)sacsnsh, q)sarsnsh q)sxsnsh )
h zh nh hh
h Mgz gngh (Pszs"sh @s’”s”sh (Pszs"sh

(8.10)

or using shorthand notation

Uy, (2]8) = N(z;m,, ®,). 8.11)
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This form assumes that x, n and h are jointly Gaussian. Compare the form of Equation

(8.10) to the joint distribution in Equation (6.6) that we repeat here:

p(y, zls) = p(y[x,n, h)p(x|s”)p(n|s")p(h|s") =

X ufwsnsh Ezzsnsh O 0
= p(y‘x7 n? h) : N n ; uZzsnsh ? O ZZzSnSh 0 . (8‘12)
h I“I‘Z’rsnsh O O ngsnsh

Note that the covariance matrix ®, is now tri-diagonal (each component matrix ®37 ., »
etc. is diagonal'). This reflects the fact that when y is observed, x, n and h are no longer

independent.

We now have three expressions for the posterior: the non-linear posterior
p(x, 1, h|y,s), the linearized posterior p;(x, n, h|y.), and the re-parameterized and

(possibly factorized) posterior ¢y, (x, 1, h).

The linearized conditional joint distribution p;(x, n, h|y,s) and the un-factorized dis-
tribution ¢y, (x, n, h) of Equation (8.8) are both Gaussian and can model the exact same
distribution. However, the parameters of the two distributions are different. The mode
of the posterior p;(x,n, h|y.s) is not coincident with the modes of the priors or the
interaction likelihood. The parameters of ¢y, (x,n,h) are coincident with the modes
of pi(x,n, h|y.s). Recall that we linearized the interaction function “arbitrarily” at the
modes of the noise and speech priors. Having found the mode of the posterior, we can

use this mode as the new expansion point, as we will see in Section 8.1.4.

'In the log-spectrum domain, we can re-arrange the elements of vector z to be
[z1,n1, h1, 22,19, ha, ..., xq,nq, hg]. The resultant ® matrix is then block diagonal, where each

block is 3 x 3. This shows that finding its inverse of ® requires finding the inverse of d 3 x 3 matrices.
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8.1.3 The Parameters of ¢, , (z)

We have now specified the form of a linearized version of the joint distribution
Di(Yobs, X, ¥, h) and an alternate parameterization gy, (x,y,h) for the linearized pos-

terior. However, we have not yet described how the parameters of ¢y, are to be found.
Define G = G(zp) and g = g(zo). We can directly write each component of

pi(x, 1, h, yes) by invoking matrix identity (A-10).

pl(YObsa X,n, h|SI7 Sn7 Sh) = pl(ygbs|xa n, h)p(x|5z)p<n|8n)p(h|5h)
= N(yobs; g — GZO + GZ; \I/)N(Z, M, Es) (813)

can be written as
q(Yobs|5)q(2|Yobs; 8) = 1N (251, ®s), (8.14)

where the mixture mode is
N, =@, [Z 7, + GTO (yo — g + Gao)], (8.15)
and the covariance matrix is
o, = (2, '+ G lGg) T, (8.16)

and

dz—dy

Vs = (277) 2

Zs|71/2|\11|71/2|(1)s|1/2

1
eXp [75 (szsflﬂs + (YObs - g+ GZO)T\:[,il(YObs - g+ GZO)
—n.®'n,))]. (8.17)
Note that v, = p;(yoebs|s). In order to find the weights of the components of the posterior

dy,,. We multiply by the priors and normalize

pl(YObs|S>p(S) VsTs
Ps = PilS|Yobs) = ; ~ = .
lYom) = S o VP~ Sy

(8.18)
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To summarize,
(%, B[Yons) = dy,, (2) = Y pN (257, ), (8.19)

where p;, 17, and ®, are defined above.

8.14 Updating the Linearization Point

As was noted previously, the Taylor series is expanded at z,. This point needs to be deter-
mined somehow. If we use the previously calculated 7, as an expansion point and iterate
the above equations, then the 17, will converge to a mode of the true posterior. In some
special cases, 17, will oscillate around the true mode. We will discuss the convergence

behavior below.

Define i) as the initial expansion point, and ngi) as the value of 7, after 7 iterations.

Also, G(zg) and g(z,) are functions of the expansion point. Define Gt = G(ngi)) and
g® =g(n").
We can now write the iterative formula for the mode ngi) each mixture s
nitD = (25_1 1 G(i)T\I,—lG(i))—l ‘
(=, + GOy, — g + GO, (8.20)
or, alternately (add ¥, 'n’ — '’ term and re-arrange) to get
0™ =0l + @) B (p, —nl’) + GUnle (y —g")]. (8.21)
Notice that this equation represents a “tug-of-war” between the priors p and the observa-
tion yps. The term X7 (p —n¥) pulls the mode of the posterior towards the prior, while

the term GOy ¥~ (y — g) pulls towards the observation. Similarly, the covariance

matrix for iteration ¢ is

, _ . _ -1
@) =[5 + Gin) e G| 822)
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e Initialization:

-— z(()o) < IJ,S

e For each mixture s, iteratively update of Taylor series
expansion point:

calculate g(zg)) according to Equation (8.2)

calculate G(zéi)) according to Equation (8.6)

calculate <I>gi) according to Equation (8.22)

calculate ngi) according to Equation (8.21)

I C OO

e Calculate Mixture weights.

— calculate ¢, (s) according to Equation (8.23)

Figure 8.3: The Algonquin Algorithm.
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This equation represents the combination of the variance of the prior 3 and the variance

of interaction likelihood W.

As shown in Figure 8.3, we iteratively evaluate Equations (8.21) and (8.22) until con-

vergence. Once the mixture component means and their variances have been iteratively

refined, we need to find the weights of the individual mixtures. We use the equivalent

but more efficient form (see derivation in Appendix C.1) of the equation for the mixture

weights:

o exp(Ly)
Qyops (8) = ps = Zj exp(Ly)

(8.23)
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where?

1 1
Ly = Inmg— §1n|27&'25| + —In |27 ®,|

2
- % {1, =)= (1, — ) }
- % [(y—8)" ¥ (y —g)].

(8.24)

If we wish to use ¢ for feature cleaning, the p, are interpreted as mixture weights
of the GMM. If we wish to use the soft information paradigm we let the class variables
correspond to the states of the HMM and use the log(q,,,.(s)) directly, as we will see in
Chapter 10.

8.1.5 Convergence Properties of the Algorithm

As was noted before, the expansion point of the Taylor Series approximation is iteratively
improved through the use of the posterior means 7, as expansion points in subsequent
iterations. Intuitively, it is reasonable that we should linearize around the mode of the true
posterior, as this should lead to the minimum error in evaluation of marginal distributions.
It can be shown that once the algorithm has found the true mode of the posterior, it will
not deviate from that mode. Figure 8.4 shows how the approximate linear posterior

converges from the initial expansion point to the true mode in 4 iterations.

Empirical studies of the convergence of the approximate posterior modes 77, show
that in some cases the approximate mode repeatedly overshoots the true mode in a back
and forth convergence trajectory. This behavior is more likely to be observed when the

speech noise combination is a poor fit to the observed noisy speech feature y ;.

2This is Equation (A-56) after assuming that ngi) = 'r]gi_l) ie. 2o =1n,.
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Iteration: 0 Iteration: 4

(a) Iteration O (b) Iteration 4

Figure 8.4: Plot (a) shows the true posterior and the approximate posterior for iteration
0, i.e. when the Taylor series is expanded at the speech and noise prior means. Plot (b)
shows how the approximate posterior has aligned to the mode of the true posterior after

4 iterations.

It is possible to introducing a damping factor into the update equation for 77, in Equa-
tion (8.21) to reduce the overshoot and ensure convergence. However, recognition results
show that it only takes 2-3 iterations for the recognition accuracy reach its maximum
using the undamped algorithm. This indicates that convergence for the important com-
ponents of the approximate posterior is fast and accurate. Figure 8.5 shows the average
accuracy for the Aurora data set B (see Section 8.2) as a function of iteration for the stan-
dard algorithm and the algorithm with a damping factor of 0.5. Notice that the algorithm
has reached its maximum of 85.67% in just 2 iterations, while the damped algorithm
takes longer to converge. The recognition rate jumps from 78.41% when the prior means

are used as an expansion point to 85.63% after the first update.
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Figure 8.5: Solid line shows the accuracy as a function of iteration for Algonquin.

Dashed line shows accuracy for Algonquin with damping factor.
8.1.6 Variational Inference

We now discuss an alternate way of deriving the update equations for ¢, using the Varia-

tional framework. This view will be required for the discussion in the next Chapter.

The basic idea of variational inference[44] is to construct a function ¢ that is a sim-
plified version of the distribution we are actually interested in i.e. p, and minimize the

discrepancy between these two functions.

When y is observed, the other random variables, x, n, h, s%, s, s" are no longer
independent, which can make inference computationally expensive. A potential benefit
of the Variational method is to allow us to work with a factorized version of ¢. This

comes at the cost of increased approximation error, and reduced recognition accuracy.

The goal of variational inference [43, 10] is to minimize the relative entropy
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(Kullback-Leibler divergence) between ¢ and p

r n oh
qyobs(x7n7h78 y S, S )

K= / Gy, (X, 1,0, 8%, 5", ") - In (8.25)
{x,n,h}

{S.'L' sn sh} p(X7 n? h? 81:7 Sn? Sh|yobs)

The KL distance is usually defined as [ p(z) log p(x)/q(x). The advantage of the above
formulation of the KL distance is that we can use a factorized ¢ function that allows more

efficient inference.

8.1.7 The Negative Relative Entropy F

Notice that the denominator in Equation (8.25) is the posterior, whereas we have an
expression for the joint distribution in Equation(6.5). Herein lies one of the advantages

of this cost function, because minimizing K is equivalent to maximizing

F=hnply)—-K= Z / Qyop. (X, 1, 1, 57 57 5™
{x,n,h}

{7 7,5}

h
n p(X7 n, h7 Sz) Sn7 S 7y0bs)

8.26
qyubs (x7 n7 h) s$7 Sn7 Sh) ( )

If we plug in the expressions for pi(x,n h, s s s" ypu,) and

dy...(x,n,h, % 5" s") into equation (8.26), and simplify, we arrive at an expres-
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sion for the free energy (see Appendix C.1),
F ! > poln|270|
=—= s In |27
22’
- Zps <(y0bs - g(ZO) + G(ZO)(ZO - n?))T

U (Yo — 8(z0) + Glzo) (o —m.))  (82D)
+ ZpgTT (20) O G(z0) D] (8.28)
+ Z ps Inm, (8.29)
1
~3 Zps In 273
-5 Zﬂs —n)TS  (y — ) + T2 @)} (8.30)
—Y pelnp, 831)
1
+5 Z psIn |27®,| — 3d. (8.32)

The derivation of this equation is given in Appendix C.1. To find the estimation formulas
for the parameters of ¢ (i.e. the means n, and variances ® and the mixtures weights
¢y (s)), we maximize F by differentiating with respect to the parameters and equating to
zero. When ¢ is un-factorized, this leads to the same equations as we found before. The

derivations can be found in Appendix C.1.

8.2 MMSE Algonquin Results on Aurora Database

In order to assess the effectiveness of the the Algonquin method we apply it in the feature

cleaning paradigm. Once we have estimated the approximate posterior ¢ we find the
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Figure 8.6: The figure shows the a comparison of the Algonquin methods to the VTSI
and SS.

MMSE estimate of the clean speech[16]
X = /Xp(x]yobs)dx (8.33)

~ [xitic= [# S aoa e =Y gt 639

where z" is the x component of z. The cleaned speech vector x is simply the weighted
sum of the mixture means of g. We give results for the using the Algonquin method on
set A of the Aurora data set [37]. Table 8.1 shows the recognition accuracy when using

the Algonquin in the MMSE paradigm.

The noise model contained a single Gaussian, which was estimated from the first 20

frames of each file.
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The average accuracy over all conditions is 82.22%. This is a reduction in relative
word error rate over spectral subtraction [7] of 60.35% and an reduction of 34.45% over

the first order Vector Taylor Series method (see Figure 8.6).

The increased recognition accuracy of Algonquin over VIS may be attributed to
a few factors. First is that we used a distribution for the interaction likelihood. This
may have some advantages since we take into account the uncertainty in the relationship

between x,n,h and y.

The other major difference between Algonquin and VTS is that Algonquin adjusts

the approximation for each observation y s, Whereas VTS finds a general distribution

overallyie. f(y) = p(y|s®).

8.3 Effect of Speech Model Size

The computational complexity of the algorithm scales linearly with the number of mix-
tures in the speech model p(x). One motivation for using the feature cleaning paradigm
rather than the model adaptation paradigm or soft information paradigm is that the com-
putation complexity can be much lower. If we use the model adaptation paradigm, we
need to update the distributions of each and every acoustic model. A large vocabulary
speech recognizer uses tens of thousands of Gaussians 3. Thus we would like to know
how the algorithm performs as a function of the size of the speech model. Figure 8.7
shows performance for a speech model of 4, through 256 mixtures. In the case of 4
through 256 mixtures, the models were trained directly on the clean speech training sets.
Notice that the accuracy has levelled off at around 64 mixtures, which is about 1/10 of

the mixtures used in the recognizer.

3The standard Aurora recognizer uses only 552 Gaussian mixtures
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Accuracy as a function of speech model size
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Figure 8.7: Accuracy as a function of number of components in the speech model p(z).

8.4 [Effect of Noise Model Size

In Figure 6.1 we saw that the variance of the noise distribution is larger than the variance
of the speech distribution. Figure 8.2 shows how we approximated the non-linear inter-
action likelihood with a linearized interaction likelihood. If we approximate the noise
distribution with multiple mixtures (see Figure 8.8), we have effectively expanded the
approximation of the likelihood at multiple points, and therefore done a better job of
approximating the curving posterior distribution. The result of doing this is shown in

Figure 8.9.

When using two mixtures, the Word Error Rate is reduced by 9.3% and 10.0% when
four mixtures are used (see Tables D.10 and D.11). Notice that we have not improved
how well the true noise is modelled, since we estimate a single mean and variance of the
noise from the first 20 frames. The reduction in word error rate is due to increasing the

precision of the approximation.
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1 Gaussian approximated with 2 1 Gaussian approximated with 4

0as /\ 035

(a) 2 mixture approximation (b) 4 mixture approximation

Figure 8.8: (a) Approximation of a single Gaussian with a mixture of 2 Gaussians. (b)

Approximation of a single Gaussian with a mixture of 4 Gaussians.

8.5 Using Factorized Versions of ¢

For some probabilistic models, the variational framework allows one to use a ¢ distri-
bution that is more computationally efficient to work with. Generally, one can increase
computational efficiency when computing marginals of a joint distribution by factoring

that distribution.

Figure 8.10 shows two factorizations that were investigated. The first factorization,
shown in Figure 8.10(b) involves discarding the the link between n and x. This is equiv-
alent to forcing each component of the ¢ distribution to be an axis aligned Gaussian. We
can achieve this by dropping the diagonal matrices of the Covariance distribution of ¢ in
Equation (8.10). This leads to savings in the computation of the Covariance matrix in
Equation (8.22). However, the number of component factors in the ¢ distribution remains
the same. A large part of the computational burden is in computing g and its derivatives,

in Equation (8.2).

Figure 8.10(c) shows a different factorization that involves constraining the modes of
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Figure 8.9: (a) The non-linear posterior. (b) Linear approximation to using 2 mixtures to

represent noise model.

the ¢ distribution. The number of free parameters is reduced from |s”| X |s™] to |s*|+|s"|
(where |s”| is the number of states or classes in the speech model). Despite this, g and
its derivatives have to be computed as often as before. These two factorizations therefore
do not lead to significant computational savings. They do, however, adversely effect

recognition performance.

8.6 Discussion

In this chapter we introduced the Algonquin algorithm, which allows us approximate the

joint conditional distribution p(x, n, h|yps).

We saw that this is a very effective method for feature cleaning and outperforms its
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Figure 8.10: Different ¢ function factorizations

closest cousin, the VTS method by a substantial margin. It was argued that this was due

to the better approximation allowed by adapting to each observation individually.

The idea of defining an interaction likelihood and then constructing a tractable ap-
proximation is novel in itself and suggests other possible methods such as using Gaussian

basis functions to approximate the interaction likelihood [67], or efficient sampling.

We saw that increasing the size of the speech model of the cleaning algorithm was
helpful, but levelled off when the number of components reached 1/10th of the models
size of the recognizer. We also saw that the Gaussian approximation could be enhanced

by increasing the number of components in the noise model.

In this chapter, we used a noise model that was estimated from the first 20 frames of
the speech file. In the next chapter we introduce a method for learning the parameters of

the noise and channel models.
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Subway | Car | Babble | Exhib. || Ave.

Clean 9893 19912 | 9899 | 99.32 || 99.09
20 dB 96.13 | 97.88 | 98.36 | 97.01 || 97.34
15 dB 9254 |95.65| 97.08 | 94.57 || 94.96
10dB 84.80 | 9021 | 93.32 | 89.39 || 8943
5dB 68.74 | 75.15 | 84.16 | 80.07 || 77.03
0dB 4363 |46.07 | 59.53 | 60.07 || 52.33
-5dB 1842 | 16.69 | 26.69 | 33.14 || 23.73

Average || 77.17 | 80.99 | 8649 | 84.22 || 82.22

Table 8.1: Accuracy for Set A. MMSE-Algonquin Algorithm after 2 iterations. The
speech model contained 256 mixtures. A single component noise model was used which

was estimated from the first 20 frames of each file.



Chapter 9

Learning Environmental Parameters

In the preceding chapters, we used a simple way to estimate the parameters of the noise
model, we simply took the first 20 frames of each file and calculated a mean and variance.
This works because there is a short pause before the onset of speech in each file, but the
method gives a sub-optimal estimate of the parameters of the noise model, and is not

applicable to real world applications.

It is clear that the better the noise and channel models are, the better we expect a
RASR method will perform, e.g. if we knew the exact noise signal, we could simply
subtract it off. In Chapter 8 we saw that increasing the number of components in the
GMM noise model enhances the precision of the approximation. Increasing the number
of components also allows us to model the noise more precisely, and thus reduce the
classification ambiguity. For non-stationary noise and noise that does not manifest itself
as a Gaussian in the log-spectrum domain, we expect that using a multi-component noise

model could be beneficial.

We can get an estimate of the upper limit of performance by providing the algorithm

with a “perfect” estimate. This estimate can be found from the noise component alone

82



CHAPTER 9. LEARNING ENVIRONMENTAL PARAMETERS 83

of a noisy speech file. If we do this using a single component noise model for Set A, we
get a WER of 14.04% (85.96% accuracy) which is a reduction in WER from the baseline
WER of 17.78% (82.22% accuracy) of 21.03%. Thus, we would like a better way to

estimate the parameters of the noise and channel models.

For real world applications, we could use a speech/non-speech classifier to find
frames for use in the noise estimate[7, 75]. A disadvantage of this approach is that
any classifier is prone to errors, and in addition, we discard information about the noise
contained in frames that also contain speech. Alternatively, it is possible to update the

parameters without the use of an explicit speech/non-speech detector[1, 5].

In this chapter we discuss how the parameters of the noise and channel models can

be estimated from the complete data, using a Generalized EM method[24, 52].

9.1 Joint Learning of Noise and Channel Distortion

Recall that the goal of variational inference is to minimize the relative entropy[10]

(Kullback-Leibler divergence) between ¢ and p;

h.s® s" h
K= Z / q(x,n,h,s" s" s") - In g(x,n, b, 5% 5%, 57) ) 9.1)

h
{s%,s7,sh} {x,n,h} pl(X7 n, hv Swvsnv*s |YObs)

Before we used this loss function to learn the parameters of ¢. We will now use it to learn
the parameters of p When we estimate the parameters of the noise and channel models,
we assume that the noise is stationary, and that we can use all the frames of a speech file'.

Thus, when evaluating the negative relative entropy we sum over observation frames also.

Notice that this is not the same as trying to adapt to the noise conditions online, e.g. using a window

of preceding frames or a forgetting factor[5].
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In addition, we assume that In p;(Y) =~ In p(Y'). Writing the negative relative entropy as
F=hhnp(Y)-K=

h.s%. s" h
>, DL / g m by 57, s ) - PO RS 5SLY) g o)

Tz o¢n ch
t {sm,sn,sh}y” Do} q(x,m,h, 5%, 5", s")

we see that it is comprised of two components; In p;(Y) expresses how well the noisy
data is modelled and KC expresses how well ¢ matches p;. K is always positive or O and
will only be 0 if p; exactly matches ¢. If we maximize F with respect to the parameters
of p;, and assume that K remains constant then we are maximizing a lower bound on
Inp(Y)

F<lnp(Y)~Inp(Y). 9.3)

In words, we are maximizing a lower bound on the log-probability of the observed data
under the model. Clearly, KC will increase if the parameters of p; are changed, because
we are pulling p; away from ¢q. As a consequence, for each iteration of the algorithm,

In p;(Y) increases more than the increase in F, i.e. it will increase by AF + AK.

9.1.1 A Generalized EM Method for Parameter Adaptation

We can learn the parameters of the noise and speech model using a generalized EM

method[65]. The algorithm alternates between:

O 0 50

1. Updating the variational parameters p.; . s Myogn o s for each frame ¢t =

sTgngh

1,...,T,as discussed in Chapter 8, and

2. Maximizing F with respect to the noise model parameters 7", p" and 3" and

channel model parameters 7", " and 3",

The complete algorithm is shown in Figure 9.7. In the next two sections we derive

the re-estimation formulas for the parameters of p(n) and p(h).
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9.1.2 Learning p(n)

To re-estimate the parameters of the models, we can use a generalized EM algorithm.

Recall the form of ¢(z®,s) and p(z®,s,y®)) where we use s as a shorthand for

{3x7 Sns Sh}:

q(z",5) =Y " pIN(z";n®, o) ©4)

p(z" Z N(y®; g(z"), ¥)m N (2; s, o). 9.5)

The algorithm derived in in Chapter 8 corresponds to the E step in the Generalized
EM algorithm. The M step involves finding 7", u™ and 3" that maximize the negative
relative entropy

3 (t) (t)
{fo b, £} = argmaxy_ S / (20, )1 222 55Y)

()
2 t  Sz,5n,Sh q(z ’ S)

= argmaxz Z q(z", s) Inp(z", s, y"),

since the term ¢(z(*), 5) In ¢(z®, s) is not dependent on the parameters of p(z). Filling in

the form of p(z*), s,y®) we get

{Fns fby B}
= argmax » ) /pff)N( i, @0)In N (2 g(z"), ©)m, N (2; p,, )
7Tn,p,n,2n t  Sz,5n,Sh z
— ) ). o )
= argmax N(zVny, e ) Inm, N ). o s )s
WvL%l'naEn Z Z Z pé ( n ) ( u )
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again, since N (z"; g(z)), ¥) is not dependent on the parameters. Continuing,

N

{70, 1, X}

= argmaxz Z p(t In 74

T
ki, 2n t Se,Sn.Sh

P X [ AN, ) |l - (e - ) 5 60 - )

t  8z,5n,Sh

9.6)

and finally

{Fn fu,, S0} = argmaxz Z pPlnm, — pgt)ln|27r25|

s
" p’n ™t S8z,5n,Sh

- —Z S A0 [ = ) S () + Tr(s @]

Sz,Sn,Sh
We now find the re-estimation formulas for 7,,, f,, and 3, in turn.

To maximize with respect to 7, , we use a Lagrange multiplier and arrive at

(t)
Zf Zsz Sp, Psz,5n,5n
7Tsn T Y

.7
where 7' is the number of frames. In words, the update of 7, is simply the average over
time of the corresponding ¢ distribution weights.

Maximizing w.r.t. p, we arrive at

(t) n,(t)
Zt Zqz \Sh Psz,sn, Shnsx SnsSh
Sn )

Do an Sh pST) Sn,Sh

where we have used the additional superscript n in 77?;(,?”,5;,, to designate the n component

9.8)

of the mean vector n = [n* n"Tnh *

. This expressions is simply a weighted sum of
noise component of the the mixture means ng?,sn,s , of the ¢ distribution. In the following

derivations, we omit the superscript n.
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Maximizing wr.t. 3! is a little more tricky. We first need to use the following
identity:
X=X 9.9)

and write

2;} = argmaxz Z PP Inm, — —p Yln 272,

t  Sz,Sh

= S ST A (= O )+ T )

t  Sz,5n,Sh

= argmaxdD 30 A [ IZ5 = G, — )5 o, — ) + TrIET Y]

t  Sz,5n,Sh

(9.10)
Next we take the derivative w.r.t. X7 '. We need the following identities:

o

— I XA|=A 9.11

x rXA] = .11
—|X| = [X]X~" 9.12
x| = [X] ©.12)

o

—aTxb =bTa (9.13)

0x

Now we can continue

0 = 52 DI [ln =0 = (=) S (=) + TT[E?@?)H

Sn t Sz,Sp

= 3> B = (= ) (= n0) + 0]

t  Sz,Sh

9.14)

SO

DY =)0 [(us — ) (p, — )" + @ﬁt)] (9.15)

t  Sz,Sp t  Sgz,Sh

and finally we find the update equation

Bor s SO o0 (= Oz = )T+ @20] - ©16)
Zt Zsl ah t  Sz,Sh
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9.1.3 Learning p(h)

The re-estimation equations for p(h) are analogous. The update for the mixture weights

is

Zt st Sn IOSz) Sn,Sh

s, T (9.17)
The update equation for the mixture means is
h
h Zt 251 ,Sn péz) Sn, 5h,r’5.’c(t'5)n Sh
K, = 0 , (9.18)
Zt an Sn 1031 SnySh

and the update equation for the mixture variances is

B = e on o A [k = k) k=t O] 0.19)

Zt ZST sn t 5,50

9.2 Convergence Properties

In order to disentangle and learn the parameters of the noise and channel models, the
algorithm relies on an accurate speech model p(x) as well as a model for how speech,

noise and the channel are combined p(y|x, n, h).

In order to assess the susceptibility of the algorithm to pathological behavior such
as slow or stalled convergence, local minima, and saddle points, the algorithm was run
on synthetic data. The data was generated by first choosing reasonable parameters for
the noise model and estimating the channel parameters for the MIRS frequency response
characteristic. Next samples were generated from the speech model, noise model and
channel model and combined according to Equation (5.19). The goal of the algorithm
was to learn the chosen parameters for the noise and channel models, from the synthetic

data.
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Convergence of h-mean

h-mean

Filter component

Figure 9.1: Convergence of y;, as function of iteration, for joint estimation of noise and
channel distortion (simulated data). This shows the rapid convergence of the noise model

parameters (within 3 iterations).

Figure 9.1 shows the value of (4, as a function of iteration. In this case, the algorithm

learns the channel model quickly, i.e. within about 3-5 iterations.

Figure 9.2 shows a pathological case for learning (i.e. recovering) the noise model
parameters. The true noise model has a relatively flat characteristic with a value of around
6. The noise model was initialized with @, = 0 and 3, = 10. After 50 iterations the p,

values for the higher log-spectrum coefficients are still close to 0.

This is due to the algorithm finding and incorrect but plausible “explanation” of the
observed signal. The combination of the model for the sound /s/ and the noise model
at iteration 50 (see Fig. 9.2) produces a relatively good fit to the observed output. The
algorithm eventually recovers and learns the correct model. This shows that the algorithm

is susceptible to poor initialization.

Such pathological behavior was not observed when the algorithm was run on real

speech data and the noise model was initialized with the mean and variance of the first
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Convergence of n-mean
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Figure 9.2: Convergence of y, as function of iteration, for joint estimation of noise
and channel distortion (simulated data). This shows a pathological case where the noise

model has been poorly initialized. Such behavior was not observed for real speech data.

20 frames of the speech file.

The convergence rate is greatly dependent on the variance of the initial noise and
channel models. Convergence is much slower if the initial variance is set to a small

value.

9.3 Results

To assess the performance of the learning algorithm, we report results for sets A and C.
In the case of set A the only the parameters of the noise model were. For set C, both the

parameters of the noise and channel models were updated.
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Figure 9.3: Convergence of log-likelihood as a function of iteration for the data shown

in Figure 9.2.
93.1 Set A: Learning p(n)

Accuracy as a function of iteration for set A Figure is shown in Figure 9.4. A single
mixture noise model was used. The noise mean and variance were estimated from the
first 20 frames, and then the variance was multiplied by 3 in order to avoid local minima

and speed up convergence.

The word error rate goes from 17.78%WER (82.22% accuracy) to 15.85%WER
(84.15% accuracy) at iteration 4 which is a relative reduction in WER of 10.85%. This
is a considerable improvement over using the 20 frame estimate. However, we do not
reach the “theoretical minimum” WER of 14.04% that was obtained by estimating the

noise model on the true noise.

Notice that the algorithm reaches a maximum in accuracy after 4 iterations and then
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Set A: estimation of p(n) and p(h)
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Figure 9.4: Recognition accuracy as a function of iteration for Set A using a single
mixture noise model. The horizontal line is the non-adaptive result (82.22%) of using

the first 20 frames of the speech file to estimate the noise model.

starts a slow decent. Since the algorithm is attempting to maximize the log probability of
the data under the model, this interesting behavior is perhaps attributable to the algorithm
using the noise model to better account for deficiencies in the speech model or variation

between speakers.

93.2 Set C: Joint Learning of p(n) and p(h)

We used set C of the Aurora task to evaluate the performance and convergence character-

istics of the algorithm to simultaneously learn the noise and channel model. Recall that
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set C has been filtered to simulate a MIRS frequency response characteristic.

Set C: estimation of p(n) and p(h)
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Figure 9.5: Recognition accuracy as a function of iteration for Set C using a single mix-
ture noise model and single mixture channel model. The baseline accuracy is 76.37% for

the non-adaptive algorithm, while the adaptive algorithm reaches a maximum of 84.42%

at iteration 27.

Figure 9.5 shows the results for jointly learning the noise and channel models. Notice
that the convergence rate is slower in this case. This is due to the initialization of the
channel model, that will be described in grater detail below. The algorithm reaches a
maximum of accuracy 84.42% at iteration 27. The baseline of 23.63% WER (76.37%
accuracy) was achieved using the standard method of using 20 frames to estimate a noise

model, but no compensation for channel mismatch was used®. The algorithm algorithm

2This is perhaps an unfair comparison, since using CMN or RASTA would provide a more reasonable
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reaches a maximum of 84.42% at iteration 27, which is a relative reduction in WER of

32.92%.

In order to asses the relative importance of the two distortion sources i.e. noise and
channel, and the performance of the algorithm, we ran three experiments. In the first, the
algorithm was constrained to update only the channel model, in the second the algorithm
was constrained to update only the noise model and in the third, both channel and noise

models were learned.

Figure 9.6 shows the accuracy results for Subway Noise at 10dB SNR. Results are
shown for adaptation of the channel model alone (diamonds), the noise model alone
(triangles) and joint estimation of noise and channel distortion (squares). In each case
the initial noise model was estimated from the first 20 frames of the a speech file. The
initial channel distortion was set to uj, = 0 with o7 = 1. In these experiments, the noise

and channel models were single multivariate Gaussians.

First note the results when the algorithm was constrained to adapt only the channel
model (i.e. noise model was estimated from first 20 frames and not adapted). In this
case, the channel model was initialized to y;, = 0 and o} = 1. The accuracy goes from
74.42% to a maximum of 86.09%. The non-adaptive algorithm that does not take into
account the channel distortion (y, = 0,07 =1 - 10~%) achieves accuracy of 84.36% for

this condition.

A second case was run where only the noise model was adapted. The initial noise
model was estimated from the first 20 frames, and the variance was multiplied by 3, in
order to speed up convergence. The channel model was set to p, = 0 and 07 = 1-107%.
The recognition accuracy goes from 81.95% to a maximum of 87.23% at iteration 19.

The recognition rate declines after iteration 19. This interesting effect may be due to the

baseline



CHAPTER 9. LEARNING ENVIRONMENTAL PARAMETERS 95

Recognition accuracy
88

=]
(=)
T

=]
(3]
T

Accuracy %
o
F~
T

83 —&— joint n and h adaptation
—4— n-adaptation
8 —— h-adaptation ]
81 |
80 1 1 1 1 1 1
0 10 15 20 25 30 35 40

Iteration

Figure 9.6: Recognition accuracy as a function of iteration. Diamond-line shows ac-
curacy when adapting h alone, triangle-line shows n-adaptation and square-line shows
accuracy for joint n and h adaptation. Horizontal line shows result for non-adaptive

algorithm.

algorithm attempting to compensate for the channel mismatch with the noise model.

The third case shown in Figure 9.6 is that of joint adaptation of noise and channel. In
this case, the accuracy goes from 73.01% to a maximum of 87.78% at iteration 37. This
is 0.55% higher than the accuracy for noise adaptation alone at iteration 19 (87.23%). In
comparison to the non-adaptive algorithm, the absolute drop in word error rate is 3.4%
and the relative drop of is 21.8%. This illustrates well the effectiveness of joint noise and

channel adaptation.
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These results indicate that the algorithm can successfully and simultaneously learn
the additive distortion due to the channel and the non-linear distortion due the noise, and

thus successfully untangle these two types of distortion.

94 Discussion

When there is no channel distortion, the algorithm reached a maximum quickly, i.e.
within 4-5 iterations. When both the noise model and channel models had to be learned,
the convergence rate was slower. This is attributable to the naive initialization of the
channel model. More clever methods can be used to start the algorithm off closer to the

convergence point.

In this chapter we have shown how the noise and channel models can be simulta-
neously learned from the complete data. By doing this, we were able to improve the
results over the baseline considerably and get relatively close to the “theoretical mini-
mum”. One of the advantages of this method is that we do not need to classify frames

into speech/non-speech frames in order to estimate the environment models.
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e calculate 7, , s, and X, according to Equations (9.17),

(9.18) and (9.19).

Figure 9.7: The Generalized EM Algorithm for learning environment parameters.



Chapter 10

Taking Uncertainty into Account

Methods that attempt to clean the features, such as Spectral Subtraction, MMSE VTS
and MMSE-Algonquin return a point estimate X of the clean speech feature for a par-
ticular frame. It is an intuitively appealing idea to use a distribution instead of a point

estimate[51].

For example, if the corrupting noise is a telephone ring-tone, the ring will corrupt a
subset of the features, i.e. those with frequencies corresponding to the frequency of the
ring-tone. We would like the recognizer to discount or even overlook those corrupted

feature components.

An algorithm such as MMSE-Algonquin attempts to repair those features that have
been masked by the ring, by employing the prior information contained in the speech
model and the noise model. The speech model of the cleaning algorithm is a less accurate
version of the speech (language and acoustic) models of the recognizer. Since the true

features are masked, the repaired features may be in error.

98
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10.1 Distributions as Observations

Instead of repairing the corrupted features we would like to pass to the recognizer infor-
mation about the severity of the distortion of each component of the feature vector e.g.
using the variance of the estimate of x. Instead of passing X = [ xp(X|yops), we could

pass f(x) = p(x|yobs). The front end of the recognizer would then calculate:

score = /p(x]yobs)p(x|s) = Elp(x|y)]. (10.1)

However, this is difficult do justify.

When discussing inference in the generative model for noisy speech, in Chapter 4,
we noted that the message that gets passed from the z to s in the graph of Figure 4.3, is
the function f(x) = p(yoss|x). One approach to taking uncertainty into account would
therefore be to pass to the recognizer f(x) = p(yobs|X), instead of X, where y,ps is
the noisy observation. The end result is that instead of using p(x|s) as the observation

likelihood, we use p(y]|s), since

plyls) = / Do X)p(x]5). (102)

The form of f(x) = p(yobs|x) is shown in Figures 10.1 and 10.2 for two different values

of the variance of the noise.

We can use the message passing paradigm to find the exact form of p(y.ps|x) in

the log-spectrum domain. Assuming the relationship between y, n and x is exact, i.e.
n = log(exp(y) — exp(z)) so p(y|z,n) = 6(n — log(exp(y) — exp(x))) then

Plyasl) = (;if)(y_””;lp 7V (0B (ExD (yons) — exp(a))ipims ). (103)

In the log-spectrum domain, the message f(z) = p(yops|) that needs to be sent to the

recognizer is shown in Figures 10.1 for noise with large variance (0, = 1) and in 10.2



CHAPTER 10. TAKING UNCERTAINTY INTO ACCOUNT 100

Noise model: p(n)
10 T

g st -
0 I I I I I
2 3 4 5 6 7 8
n
Message f(x) = p(y=41x),
0.5 T T T
x
>
a
0 | | \ 1 1 1
0 1 2 3 4 5 6 7 8

p(ylx)
o

Figure 10.1: Messages f(z) = p(y|z) for y equal to 4, 5.5 and 7. The noise distribution

has mean 5 and standard deviation 1

for noise with smaller variance (o, = 0.2). These messages are clearly not Gaussian.
The most “non-Gaussian” aspect is that the tail that goes to —oo. The figures suggest
that the shape of the message falls into two or three regimes, depending on the relative

values of ¥,y and ft,,.

If y is larger than n by some margin, the message becomes approximately Gaussian.
The integral over this Gaussian goes to 1. Thus, as the observation gets larger than
the noise, the message approximates a delta function at y. In this region, using a point

estimate for x, e.g. by spectral subtraction would produce a similar result.

When y is smaller than p,, the message approximates a Heavyside function, with a

smooth roll-off. Thus, any two speech distribution who’s mass is substantially below the
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Figure 10.2: Messages f(z) = p(y|z) for y equal to 4, 5.5 and 7. The noise distribution

has mean 5 and standard deviation 0.2

noise mean, will produce a similar score when convolved with this message. In this case,
we do not give preference to different distributions that are below the noise level.This is
precisely the essence of this method, and the potential strength over that of SS and other

methods that produce point estimates.

10.2 The Effect of Uncertainty

When there is noise and channel distortion in the environment, we observe corrupted
features Y instead of X. The environmental noise process introduces both bias and fun-

damental uncertainty. Bias shifts the classification boundaries, but can be accounted for.
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However uncertainty increases the overlap of class conditional likelihood distributions,
and thus the classification error increases. As was discussed in Chapter 3, the optimal
classification strategy is based on using the posterior of the noisy speech p(s[Y). By
the data processing inequality[10] it is impossible to gain more information about s by

manipulating y e.g. by cleaning y to produce X.

Log observation likelihoods of clean speech
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=
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Log observation likelihoods of restored speech at 5dB
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Figure 10.3: The plots show the log observation likelihood for the states s in the word
models for ’two’,’three’ and ’four’ for frame 30 of file MAH_3A. This file contains the
utterance ‘three’. The plots show clean speech log(p(x|s)), cleaned speech log(p(X|s))

and the soft information score which is approximately equal to log(p(y|s)) + const.

Intuitively, the effect of noise is to reduce our certainty that an observation belongs
to one class rather than the other. Figure 10.3 shows observation scores for a particular
speech frame. At the top, the log observation likelihoods log(p(x|s)) of the clean speech

frame are shown. The plot shows the scores for each of the 16 states of the models
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two’, ’three’ and ’four’. The observation frame is taken from the middle of the word
’three’. The bottom two plots show observation scores for the same frame with noise
at 5dB SNR. The middle plot shows the log observation likelihood log(p(x|s)) of the
cleaned speech frame and the bottom plot shows the soft information score which is
approximately equivalent to log(p(y|s))'. Notice that p(x|s) looks more like p(x|s), but
the range of scores for the soft information case is smaller. This is in accordance with
our intuition that the “specificity” of the feature is smaller when there is noise in the
observation. Instead of remaining neutral as to which class the observation belongs, a
cleaning method is forced to choose a single X, and it may amplify the error in the case

of a wrong choice.

10.3 Uncertainty Decoding

Figure 10.1 shows the form of f(x) = p(y.s|x). As noted before, if we have two
acoustic classes with distributions that lie below the noise level, both distributions will
be convolved with the tail of the likelihood, and thus give similar scores. This is exactly
what we would like, since the recognizer should not use this information to differentiate
between the two speech classes®. A problem with this approach is that the form of f(x) =
p(Yobs|X) is very non-Gaussian, and it is therefore computationally expensive to evaluate
the integral in Equation (10.2) numerically. Computationally attractive approximations

are possible, e.g. using splines or a mixture of Gaussian.

I'The plot shows log(gy (s)/p(s)) which is approximately equal to

log(p(yls)/p(y)) = log(p(yls)) + const.
2The Noise Masking technique [49] had a similar motivation, but was formulated in a non-probabilistic

way.
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Alternatively, we can estimate p(x;|y;.obs)/p(x;), since

p(slY) = p(s0 Hp Viobs|si) - p(silsi—1) (10.4)
~ Hp Yi obe’s (Si’Sifl) (105)
YZObS)
i,0bs Xz Xz S;
- pr Vi [50)dx - p(silsi—1) (10.6)
P(Yisobs)
= plso H/ Xz‘ywbs p(xi]si)dx - p(silsi-1). (10.7)

The approximation above is a result of assuming that p(Y) ~ [[, p(¥ioebs). In this
case, the goal is to estimate p(xX;|yiops)/P(x;) in a form that allows for the integral
to be calculated easily, e.g. in a Gaussian form. Some noise cleaning methods e.g.
MMSE-Algonquin, employ Gaussian speech priors p(x;) and estimate a Gaussian pos-
terior p(x;|y:.obs), and can thus be used in this context since p(x;|y; ops)/P(X;) is also
Gaussian. Note however that the true form of p(x;|y;css)/p(x;) is proportional to

f(x:) = p(¥i,obs|Xi), shown in Figure 10.1.

In Chapter 3, a second alternative to the model adaptation method was proposed that
also preserve the information about the uncertainty of the observations. This method
relies on estimating the soft information score p(s;|y; obs)/p(s:)* and returning this value
to the recognizer. The recognizer then calculates

i,0bs|Si $i|Vi obs
1) () TT 2050 )=t [ 22550 e 103

Note that we divide by p(s;) in Equation (10.8). Speech recognition systems em-
ploy complex speech models including language models and word or phone HMMs that
encode the transition probabilities p(s;|s;_1 ... So) between states. In the case of Algo-

nquin, speech is modelled by a Gaussian Mixture Model. By deferring the hard decision

3In fact, Equation (8.17) gave p;(yops|s) directly which is an approximation to p(yops|s).
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to the decoding step of the recognizer, we avoid making a decision based on the much
weaker state transition model of the cleaning algorithm. The MMSE version of Algo-
nquin uses a GMM to model speech and therefore does not use state transition probabili-
ties. We remove the effect of the “language model” of the cleaning algorithm by dividing

by p(s) in Equation (10.8).

Thus, if we can approximate p(s;|y;.bs)/pP(s;) we can preserve information about

uncertainty in the decoder. The Algonquin framework allows us to do this.

The two paradigms for robust speech recognition that have been mentioned before
i.e. the feature domain paradigm and the model domain paradigm, were characterized by
their relation to the block diagram of a speech recognizer (see Figure 2.1). If we wish to

use soft information scores, we need to alter or replace the Acoustic scores block.

10.4 Estimate of p(s|y)/p(s)

The Algonquin framework is well suited to demonstrate the importance of retaining un-
certainty information in the decoding of speech. While some noise robustness method-
ologies, such as spectral subtraction, use point estimates for the noise process, Algonquin
used Gaussian mixture models to model both speech and noise. The uncertainty intro-

duced by the noise process is captured in the variance parameters of the noise model.

Algonquin uses a variational method to produce an approximation gy (x) to the pos-
terior p(x|y.ss). The approximate posterior is used to calculate a point estimate of the

clean speech features x through an MMSE estimate:
X = /Xp(x]yobs)dx ~ /Xqu(s)qy(x\s)dx (10.9)

Using the cleaned features X, the observation likelihood calculated by the recognizer is
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thus p(x|s). In order to use soft information, we require the evaluation of
P(s|yobs) _ ay(s)
p(s) p(s)

which is substituted for p(x|s) in the recognizer. As we will see below p(s|yobs) = ¢y (s)

) (10.10)

so all the components required to calculate the soft information score in Equation (10.10)

are available from the calculation of the point estimate in Equation (10.9).

The Algonquin framework employs Gaussian mixture models to model the speech
and noise in the log-spectrum domain. Recall the joint distribution over noisy speech y,

speech x, speech class s,, noise n, noise class s,, is

p(y,x,n,s%,s") = p(y|x, n)p(s")p(x|s*)p(s")p(n|s™)p(s")p(h|s")
= N(ysg([ernmhT] ). @) N e, D) A (0 e, ) N (s i 5.
(10.11)

For the current frame of noisy speech y, Algonquin approximates the posterior using a

simpler, parameterized distribution, ¢:
p(X7 n, h7 8w7 Snv Sh’ydzs) ~ qy(X7 n, h> Sz? $n7 Sh)' (1012)
The q function is a mixture of Gaussians:

¢y (x,n,h, 5%, 5" s") = Z ¢y (s*,8", s")qy(x,n, h|s”, s, s"), (10.13)
{Sz78n7sh}
where the gy (s”, s", s")s serve as mixture weights. Note that
Ps"ly) & gy (s7) = Y ay(s™, 5", ") (10.14)
sm,sh

which is used in the calculation of the soft information score in Equation (10.10).
The variational parameters of g are adjusted to make this approximation accurate,
and then ¢ is used as a surrogate for the true posterior when computing X and calculating

the soft information score ¢y (s)/p(s).
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In Chapter 8 we derived the expression for g, , (s):
exp(Ls)

Quopa(8) = ps = ==———F+~ (10.15)
Yob. ( ) Zj eXp(Lj)
where
1 1
Ly = Inm,— iln |2735,| + 3 In [27®,|
1 _
= 5 {(me=n) = (= m)}
1 _
- -2y -g)].
(10.16)

This term can be viewed as the integral of over x, n and h of the joint posterior
distribution p(x, n, h, s|y.s) and is an approximation to p(s|y.ss). This expression re-
sembles the expression for the scaling term in the multiplication of two Gaussians (see

A-6), which we would get using a Laplace type method. We are in fact evaluating

Qy.p.(8) = / [D1(Yobs|X, 1, h)] - [p(x, 0, b, 8)] /p(Yobs)dxdndh (10.17)

the integral over the multiplication of the interaction likelihood p;(yps|x, n, h), which
is a “one dimensional” Gaussian and the prior p(x, n, h, s), which is a multidimensional

Gaussian.

In the noise free case (y.s = x), we would like the soft information score to be
equal to the acoustic score for clean observations. The Acoustic score block in Figure

2.1 calculates the log-likelihood acoustic scores:

1 1 1,
f(5) =log(p(x[s)) = =5 log 27 %] = S(pg = %) (u) —=x)  (10.18)
For the noise free case, posterior modes are equal to the observation and thus 17, ~ x.

Also,y ~ g and &, ~ 0 so

1 1 _
Ls,noise free ~ _5 In |27725‘ - 5(/‘1‘5 - ns)TE 1(/'1’5 - ns> +In Ts
(10.19)
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which shows that in the noise free case, the normalized score is the same as we would

get by passing the clean feature to the recognizer.

10.5 Experiments

The Aurora data set is supplied with a standard Mel-frequency Cepstrum Coefficient
(MFCC) front end and the CU-HTK speech recognizer. For the experiments reported
here, we used filter-bank parameters without delta or acceleration features. These fea-
tures were produced by altering the standard front end such that it writes out the log-Mel-
spectrum values just prior to taking the DCT. It is known that MFCC parameters perform

considerably better than filter-bank parameters (see Figure D.1).

The standard HTK recognizer accepts observation features x and calculates acoustic
scores internally based on the acoustic models p(x|s). Experiments based on feature
cleaning and model adaptation can be performed without altering the recognizer, i.e. by
supplying X or altering p(x|s) respectively. However, the uncertainty decoding paradigm
relies on the fusion of the noise adaptation stage and calculation of acoustic scores. Thus,
the HTK recognizer had to be altered to accept the scores ¢y, (s;)/p(s;) calculated by the

algorithm. These scores were substituted for p(x;|s;) in the recognizer.

Twelve speech models are used in the Aurora task, ’zero’ though ’nine’, ’oh’ and
silence. Each model has 16 states and the silence model has 3 states, for a total of 179
states. Thus, gy, (s;)/p(s;) had to be calculated for each state s; for each frame ¢, as

described above.

The MMSE-Algonquin algorithm requires a GMM speech model p(x). p(x) was
constructed from the HMM models trained by HTK. The mixture means p3. and vari-

ance X7, (see Equation (10.11)) were copied directly from the acoustic models of the
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Figure 10.4: Average recognition accuracy as a function of signal to noise ratio. The

three conditions shown are soft information i.e. using gy, (s;)/p(s;) in the recognizer,

using MMSE Algonquin for feature cleaning and no processing of the corrupted features.

recognizer. To find the mixture weights 7%, a 179 x 179 state transition matrix was first

constructed from the language model and the transition matrices of the HTK HMM word

models. Then the stationary distribution of the transition matrix was found and multi-

plied by the mixture weights of the Gaussian components of the acoustic models. This

resulted in a 552 component Gaussian mixture model.

The noise model consisted of a single component multivariate Gaussian. A different

model was estimated for each utterance, from the first 20 frames of that file.
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10.6 Results

The calculation of the soft information score in Equation (10.10) and the point estimate
Equation (10.9) share almost all of the same steps. We can therefore provide a compari-
son that differs only in this aspect (i.e. point estimate vs. soft information), while holding
all other aspects constant, such as methodology, approximation errors, speech and noise

models etc.

Figure 10.4 shows a comparison of the techniques of passing a point estimate of clean
speech to that of taking uncertainty into account by using gy, ,.(s:)/p(s;). As can be seen
recognition accuracy improves considerably for all SNRs except for clean speech where
it is slightly reduced. For example, at 15dB, the average accuracy goes from 78.71%
accuracy to 88.29% which is an increase in accuracy of 9.58% and a relative drop in
Word Error Rate (WER) of 45.01%. As expected, the use of soft information is most
effective at intermediate SNRs. For clean speech, there is a drop in accuracy of 0.49%
or 10.62% relative WER. At “infinite” SNR, we should ideally leave the parameters
unchanged. Approximation error and error in estimation of the noise parameters seems

to have a greater adverse effect on the soft information method.

The WER for MMSE-Algonquin is 35.88% while for soft-Algonquin the WER is
reduced to 25.1%. The relative reduction in WER is shown in Table 10.1 (see Tables
D.13 and D.14 for absolute WER). The relative reduction in average WER for noise
conditions 20dB through 0dB is 28.31%.

Recall that the WER was 17.78% for the MMSE-Algonquin algorithm when using a
recognizer with cepstrum domain acoustic models. This shows the effectiveness of the
DCT and time derivatives and the importance of using the soft information paradigm in

conjunction with these linear transforms.
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Subway Car Babble | Exhibition | Average

clean || -17.78% | -8.52% | -595% | -1126% | -10.62%
20dB 48.53% | 3442% | 4437% | 47.20% 44 91%
15dB 4541% | 37.37% | 48.81% | 47.00% 45.01%
10dB 35.69% | 3821% | 43.28% | 40.53% 38.88%
5dB 18.76% | 27.19% | 31.85% | 26.69% 25.27%
0dB T77% | 13.37% | 26.63% | 18.80% 15.70%
-5dB 310% | 2.40% | 1592% | 11.41% 7.84%

Average || 24.65% | 24.71% | 3504% | 31.18% 28.31%

Table 10.1: Relative reduction in word error rate in percent on Set A of the Aurora 2 data
set. Soft information method compared to using a point estimate of clean speech. See

Tables D.13 and D.14 for absolute WER

10.7 Discussion

In this chapter we introduced a new paradigm for robust speech recognition. This
paradigm allows us to take into account the uncertainty of observations introduced by

noise.

In Chapter 3 we saw that the optimal classification strategy involves using p(Y|s)
rather than p(f{\s), and gave results for a simple classifier. Here we have shown conclu-

sively that this holds for the more complex problem of robust speech recognition.

We used the Algonquin framework to show the promise of this method. However,

any method capable of estimating p(x|y)/p(x), p(s|y)/p(s) or p(y|s) can be used.

An important topic of future research is how to use the soft information paradigm in

conjunction with linear transforms across time and frequency.



Chapter 11

Conclusion

11.1 Summary and Contributions

In this thesis I advocated a probabilistic view of robust speech recognition. I discussed
the problem of classification of distorted features using an optimal classifier, and how
the generation of noisy speech can be represented as a generative graphical probability
model. By doing so, my aim was to build a conceptual framework that provides a unified
understanding of robust speech recognition, and to some extent bridges the gap between

a purely signal processing viewpoint and the pattern classification or decoding viewpoint.

The most tangible contribution of this thesis is the introduction of the Algonquin
method for robust speech recognition. It exemplifies the probabilistic method and en-
compasses a number of novel ideas. For example, it uses a probability distribution to
describe the relationship between clean speech, noise, channel and the resultant noisy
speech. It employs a Variational approach to find an approximation to the joint posterior
distribution which can be used for the purpose of restoring the distorted observations. It

also allows us to estimate the parameters of the environment using a Generalized EM

112



CHAPTER 11. CONCLUSION 113

method.

Another important contribution of this thesis is a new paradigm for robust speech
recognition, which we call uncertainty decoding. This new paradigm follows naturally
from the standard way of performing inference in the graphical probability model that

describes noisy speech generation.

To summarize:

e A general probabilistic view of speech recognition in adverse environments was
formulated that incorporates noise and channel distortion. This was done using the

formalism of graphical probability models.

e Standard methods for robust speech recognition were related to performing infer-

ence in this graphical probability model.

o A new view of the relationship between noisy speech, clean speech, noise and
channel in the log-spectrum and MFCC domains was presented. We showed how

uncertainty is introduced as a consequence of dimensionality reduction.

e As a result of this new view, the interaction likelihood was formulated, which
describes the relationship between noisy speech, clean speech, noise and channel

in a probabilistic way.

e In order to perform inference the graphical model for noisy speech a new robust-
ness method, Algonquin, based on variational inference was introduced. A number

of novel ideas are involved:

— Approximation of the interaction likelihood via the use of the Vector Taylor

Series.
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— Iteratively improving the approximation by updating the expansion point of

the Vector Taylor Series based on the mode of the approximate posterior.

— Approximating the joint conditional distribution with a Gaussian distribution.

The Algonquin framework was shown to perform considerably better than previous

methods.

e A novel method for learning the environmental parameters was introduced. The
negative relative entropy loss function of the variational method, lead to General-

ized EM method to update the parameters of the prior models.

e Finally, we introduce the soft information paradigm and showed how the Algo-

nquin method can be used within this paradigm.

11.2 Future Extensions

There are a number of issues yet to be explored in the Algonquin framework. The use of
time dynamics in the noise model may be important for dealing with noise with strong
temporal structure. Delta and acceleration features were not taken advantage of, al-
though they are known to be important. This is an important area of study. The method
described for learning the parameters of the environment in Chapter 9 is applicable to
batch processing of speech files. Although there are many applications that require batch
processing, more applications require online adaptation. This has yet to be explored

fully.

One of the key insights that lead to the Algonquin method was to approximate the

posterior p(x, n, h|y.s). It is possible to approximate the posterior using a number of
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other methods. We mentioned the use of Gaussian Basis Functions and efficient sam-

pling, but there are probably many more.

In the last Chapter we introduced the uncertainty decoding paradigm. One can envi-
sion a whole new field of study within robust speech recognition that takes advantage of

this new viewpoint.



Appendix A

Notational Conventions

r, X,x,X

Variable associated with clean speech. The variable can
appear in various domains. In this thesis the conversion

is to use x to designate the time domain signal, x to designate
a log-spectrum feature vector and x, to designate an MFCC
domain feature vector.

Variable associated with corrupted speech.

Variable associated with noise.

Variable associated with the channel.

A concatenated vector z = [x'nThT|T,

Time domain sample of the corrupted signal, clean signal and
noise signal respectively.

Impulse response of the channel model.

Log-spectrum domain feature vectors for the corrupted
signal, clean signal and noise signal and channel respectively.

Shorthand for x + h + In(1 + exp(n — x — h))
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G, — Matrix derivative of ¢ w.r.t. x, used in the Taylors

Series Linearization of the interaction equation.

p(x) — Speech model distribution, i.e. the speech prior.
p(n) — Noise model distribution, i.e. the noise prior.
p(h) — Channel model distribution, i.e. the channel prior.
p — Usually joint or joint conditional distribution of x, n, h.
p;  — Linearized joint or joint conditional distribution of x, n, h.
g — Approximate joint distribution of x, n, h used

in Variational Inference.

s — Designates the state of an HMM or the mixture component

of a Gaussian Mixture Model.
— The mean vector of the ¢ distribution.
— The component weights of the ¢ distribution.
— The covariance matrix of a component of the ¢ distribution.
— The mean vector of a distribution, usually of p(z) and or p(n).
— Mixture weight of a distribution, usually of p(x) and or p(n).
The covariance of a distribution, usually of p(z) and or p(n).
— The covariance of the interaction equation.

— The negative relative entropy.

A M E MY = o> S
|

— Relative entropy.
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Useful Identities

B.1 Gaussian Quadratic Integral Forms

The expectation of a quadratic form under a Gaussian is another quadratic form [70]. If

x is Gaussian distributed with mean 7 and variance ® then,
o= = e N G, ®) = (- ) )+ TS (A

If the original quadratic form has a linear function of x, the result it still simple:

[ W = Wk )N i, @)

T

=(p—-Wn)"S (- Wn)+TrW'S"'We| (A-2)

B.2 Multiplication of Two Gaussians

The multiplication of two Gaussians N(a, A) and N (b, B) is:
N(a,A) - N(b,B) = z.N(c, C) (A-3)

118
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where
C=(A'4+BH! (A-4)
c=CA'a+CB'b (A-5)
and
1
2o = (27T)_d/2’C‘+1/2‘A‘_1/2‘B‘_1/2 exp _5 (aTA_1a+ bTB—lb . CTc—lc)
(A-6)
where d is the dimension of a. In the univariate case, we rewrite succinctly:

N(y;a, A)N(y; b, B) = N(y; ¢, C)N(a; b, A + B) (A-7)

B.3 Change of Variables

The Gaussian random variable y with mean d 4+ Dz can be rewritten as a distribution

over z:
N(y;d+Dz,E) =K N [z (D"E"'D)"'D"E '(y —d),(D"E"'D)"'] (A-8)

where
K = |27E|"2 . |27(DTED) |/ (A-9)

Note that DTE~'D will be singular if the dimensions of z are higher than the dimensions

of y, i.e. this expression is ill defined.

B.4 Multiplication of Linear Likelihood and Gaussian

The following identity allows us to rewrite the product of the Gaussian speech prior p(z),
Gaussian noise prior p(n) and the Gaussian likelihood p(y|z,n) as a singe Gaussian

times a scaling factor.
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N(z;a,A)N(y;d +Dz,E) = L- N(z;c,C) (A-10)
where
C=A'"+D'E'D)! (A-11)
c=C(A'a+D'E'(y —d)) (A-12)
and

dz—dy

L=(2m) = [E["V2|C|'?|A[71

1
exp | =3 (a"A'a+ (y—d)"E'(y—d) —c"C7'c)| (A-13)

where d. is the dimension of z and d,, is the dimension of y.

B.5 Matrix Calculus Results

The following identities are useful when taking derivatives of the negative relative en-

tropy.
Matrix derivative of trace:

%TT[XA] =A (A-14)
Matrix derivative of determinant:

0 -7

X = XX (A-15)
Vector derivative:

%aTXb =bTa (A-16)

Vector derivative of quadratic form:

55 (Ax +b)'C(Dx +e) = ATC(Dx +e) + D"CT(Ax + b) (A-17)

X
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For symmetric matrices (e.g. covariance matrices) then:

0 (Ax +b)'C(Ax +b) = 2ATC(Ax + b) (A-18)

X
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Derivations

C.1 Log-Spectrum Domain Algonquin

Here we derive the Algonquin algorithm in the log-spectrum domain using the variational
approach. This derivations is for and unfactorized q. Derivations for factorized versions
of ¢ follow easily. Derivations of Algonquin on the spectrum domain as well as the

cepstrum domain are completely analogous.

We first define the d x 1 column vectors x, n, h and y as the feature vectors for clean

speech, noise, the transfer function and corrupted speech, respectively.

The joint distribution over the noisy speech, clean speech, noise, channel distortion,

speech class and noise class is:

z n h
p(y,X,ILh,S,S 78)

= N(Y; g(Z), ‘I’)WsmN(X; “217 EZI)WS”N(H; :U‘Z“v EZ“)TshN(h; H‘Z’H El;h) (A-1)

where p%. is a d x 1 vector of speech means, and 37, is a (diagonal) d x d covariance
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matrix for speech, and similarly for the noise and channel function. 7, is that scalar
mixture weight for speech.

Defining 3d x 1 vector z = [x” n” h”]" and s = {s?, s", s"} we write succinctly:

p(y,2,8) = N(y; 9(z), ¥)msN(z; g, Xs) (A-2)

Since we will have to integrate over z we linearize the d x 1 function g(z) using the first

order Taylor series.

We require the function and it’s derivatives:
g(x,n,h) =x+h+1In(1 + exp(n —x — h)) (A-3)

Taking the derivative of the i—th component of the vector g with respect to the j—th

component of z; we find

d ERELS) hi 1
g(@i, i, hy) _ (A-4)
dl’j 1+ exp(ni — Ty — hz)
if ¢ = j and O otherwise. Similarly, the derivative with respect to n; is:
dg(x;,ng, h;) _ exp(n; —x; — h;) (A-5)
dzx; L+ exp(n; — z; — hy)
The derivative with respect to h; is equal to the derivative with respect to x;.
We define the d x d matrices:

h _ -

Gz (X, n, h) _ dg(x7 n, ) _ d’LCLg dg(xh ny, hl) o dg(l'd, Nq, hd) (A-6)
dx | dx, dzq

L _ -
G,(x,n,h) = M = diag dg(w1,m, ) . dg(wa, 14, ha) (A-7)

dn | dny dng |

dg(x7n7 h) . _dg(xlunbhl) dg(x(hnd? hd)-
G,(x,n,h)=——"——==4d A-8
(x,n,h) dh e T dhy (A-8)

and for notational purposes:
dg(z

Gl =B G, enb)y Guxnh) Gixnd)] (A9
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which is d x 3d.

Thus, the vector Taylor series expansion of g(z) is:
g(z) = g(zo) + G(z0)(z — 20) (A-10)

Now we can finally write the linearized posterior function:

p(y,2z,s) = N(y;8(zo) + G(20)(z — 20), ¥)7N(z; pis, Bs) (A-11)

note that the linearized version of the posterior is a function of the linearization point z,.

The most general form of the approximate posterior is:

X ’rlil‘,s",sh ¢ff,s",sh (}ig,s",sh @igﬁ,s",sh
¢(x,n,h|s",s", ") =N | |n|; Mg |+ [ B B B
h ng’”,s”,sh ¢§‘Zs",sh (ﬁ?f,s",sh Qgg,s”,sh
(A-12)
or
q(z]s) = N(z;n,, @) (A-13)

This form assumes that x, n and h are jointly Gaussian, and is exactly equivalent to
the linearized posterior. Cutting links in the factor graph for the ¢ function produces
“factorized” versions of the posterior.

h

The posterior mixing proportions for classes s*, s and s" are g(s%, s", s") =

psesn gn Or succinctly p,.  The approximate posterior is given by ¢(x,n,h) =
st,sn,sh q(s®, 5", sM)q(x,n, h|s®, 5", s"),ie. q(z) = > s Psq(z]s).
Having defined the exact form of the approximate posterior ¢ and the linearized pos-

terior p; we can write the free energy:

F= Z/q(z,s) Inp(y,z,s)dz — Z/q(z,s) Inq(z, s)dz (A-14)
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In order to derive the re-estimation formulas, we need to take the derivative of F' with
respect to the parameters of ¢. But we first need to integrate over z. We rewrite Equation

(A-14) and look at each of the five terms separately.

F = Z/Zq(z,s)lnN(y;g(zo)+G(z0)(z—z0),\Il) (A-15)
+ Z/q(z,s)lnﬂs (A-16)
+ Z/q(z,S) In N(z; jts, ) (A-17)
- Z / 4(z,5)In p, (A-18)
_ i/q(z,s)lnN(z;ns,®s) (A-19)

C.1.1 First Term: Equation (A-15)
Let’s look at the first term:
> / (2, ) In N(y: g(zo) + G(20)(z — 7), ¥)dz (A-20)
= —%Zpslnpw@\ (A-21)
1 S
- 52/[[)5N(Z;m,¢s)-
(v — 8(20) — G(20)(z — 20))" @~ (y — 8(20) — G(20)(z — 20))) | dz  (A-22)

Now we look at (A-22) which contains an integral of a Gaussian and a quadratic:

[ [van.2)

(v — 8(z0) — G(z0) (2~ 20)) ¥ (y — g(z0) — Glzo)(z — 7)) dz (A-23)
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[ [an. 2

(G(20)z — (Yobs — 8(20) + G(20)20)) ¥ (G(20)Z — (Yobs — 8(20) + G(20)20) | dz
(A-24)

and using identity A-2 we get

((Yobs — 8(20) + G(z0) (20 — 1,))" ¥ ((Yobs — 8(20) + G(2z0)(z0 — m,))

+Tr[G(z0)" ¥ 'G(z0)®,] (A-25)

We can now plug this in to Equation (A-22) to complete the first term:

S [ a5 0 N (v g(o0) + o)z ). W)
= —% ; psIn 270 |
= 2u((Yobs — 8(20) + G(20) (20 — 1)) T ((yobs — &(20) + G(20)(20 — 1))

+3 pTr(G(z0) ¥ G(z) ). (A-26)

The remaining terms are much easier to handle.

C.1.2 Second Term: Equation (A-16)

The second term is simple:

Z /[q(z, s)Inng|dz = Z psIn (A-27)

S
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C.1.3 Third Term: Equation (A-17)

The third term has the same form as the first term:

Z/Q(Z,S) In N(z; p,, 3s)

= Z/PSN(Z;HS7@5)111\27r25]_%
1 —
52 / psN(z;m,, ®s)(z — 1) 27 (2 — )
1

=73 Zps In 273
__Z'O3 —n,)" = (1, — ) +ZT7"

where we have used identity A-2 in the last step.

C.14 Fourth Term: Equation (A-18)

The fourth term is similar to the second term.

Z/q(z, s)In psdz = Zps In p,
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(A-31)
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(A-33)
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C.1.5 Fifth Term: Equation (A-19)

>[4z N @i, @)
_ Z/pszv(z;ns,és)lnpwcbs\—%
53 [ pN @@ =) )
= 1 Zps In |27 ®|

__Zps 775 T(I) ZTT

= —§Zps In|27®,| + 3d

where the term (A-38) simplifies considerably.
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(A-37)
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(A-39)
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C.1.6 The Negative Relative Entropy F

Now we can gather the above terms to write the negative relative entropy:

F=- %zs:pslnﬂﬂlm
- Zps [(YObS - g(Zo) + G(ZO)(ZO - T,s))T‘Ilil

((Yobs — &(20) + G(z0)(zo — )]
+ ZpsTr (z0)" U G(2)®,]

+ Zps Inm,
1
- §Zps In|(27)X
Y Zpé 773 TZ ( T’s) + TT[Egch)é]}

- Zpslnps

1
+ 3 Zs:ps In|27®,| — 3d
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(A-40)
(A-41)

(A-42)

(A-43)

(A-44)

(A-45)

To derive the re-estimation formulas, we differentiate w.r.t the parameters of g.
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C.1.7 Derivation of n

Define G = G(zp) and g = g(z). We differentiate with respect to 1, and equate to

Zero:
oF
"= o,
0 1 Ty -1
= ﬁ _gzps{(ll’s_’r’s) 3 (/’Ls_ns)}
1 _
_5 Z Ps [(yobs —g+ G(ZO - ns))TlIl 1()’01)5 - g+ G(ZO - 775))})
= —p: 57 (1, — ) (A-46)
_psGTlIl71<yobs — 8 + G(ZO - 773))7 (A’47)

where we have used identity A-18 in the last step. Now we solve for 17, and we find
.= (57 +GTUG) [ u, + G (ya, — g+ Gao)] (A-48)
Alternately (add Y1z — X717 term and re-arrange) we can write

n,=20+® [ (p, —2) +G¥ 'y —g)]. (A-49)

C.1.8 Derivation of ®

To find the variance, we differentiate F' and set to O:

OF

0P,

) 1 1
= g5 (g pTIEIR) -5 Y pTIGTEGR] (AS0)

0P,

+ %Zp In 27, (A-51)
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And using identities for derivatives of traces A-14 and determinants A-15, we arrive at

1 B 1 B 1 _ _
0= 7§p8<25 l)T - 508[GT\I} 1G]T + 5PS|¢'S‘ 1|¢3‘<¢s 1)T- (A-52)

And therefore:
&, = (' +GTw'q) . (A-53)

C.1.9 Derivation of p

When finding p, we need to ensure that ) p; = 1 so we use a Lagrange multiplier
A(>, ps — 1)). Again, differentiate and set to O:
O(F = AMoeps = 1))

0ps
= A+ Inmy

1
-3 In 273

) S () T[S )

- %m 27|

- % {(y —g+ Gz — Gn,)" ¥ (y — g + Gzy — Gn,) + Tr[GT¥'G®,]}
= (Inps+1)

+ %m 27®,|. (A-54)

Notice that

Tr(E;'®,) + Tr[GTe 'Ge®,] = Tr[(Z,' + GT¥'G)®,] =Tr[I].  (A-55)
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Define:

L, = Inm,

1 1
-3 In|273,| + 3 In 27D,

- %{U@—ﬂhfﬁ‘Wus—nJ}

1 _
—-§Ky—g+G%—GmVW1W—g+G%—Gmﬂ

+ const,

(A-56)

where all terms not dependent on s are gathered into the const term. The const term in
Equation (A-56) cancels when computing ps below. Now rewrite Equation (A-54) and
solve for p;:

ps = exp(A) exp(Ls) (A-57)

It follows that

Z ps = exp(A) Z exp(Lyg). (A-58)
And finally, solving for exp(\) and plugging back into Equation (A-57) we get

__ow(l) (A-59)

Pe = 5 exp(Ls)

The form of L differs from that derived in 8.17. However, when ¢ is unfactorized these

two forms are equivalent.

The above derivation can be used as a template to derive the Algonquin algorithm
in the spectrum and cepstrum domains. The spectrum domain version suffers from the
problem of returning negative estimates of clean speech, similarly to Spectral Subtrac-
tion. The cepstrum domain version produces superior recognition results (see Table D.2)

to the log-spectrum version, but is considerably slower.



Appendix D

Results

This Appendix contains complete details of most of the results reported in the Thesis. In
addition, some results have been included that were not directly pertinent to the discus-
sion, but may be of interest. These include results for different feature sets (see Figure
D.1), as well as results for using the Algonquin algorithm in the cepstrum domain (see

Table D.2).

D.1 Comparison of Log-Spectrum and Cepstrum Fea-

tures

Figure D.1 shows the accuracy of four different feature sets. The effectiveness of MFCC
features with delta and acceleration is clear from the plot. Notice that the performance
of all features for clean speech is similar. At 10dB SNR, using Delta and Acceleration

features gives substantial gains, while using Filter Bank features is considerably worse.
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Average accuracy, Set A
1 00 T T T T

—e— MFCC_D_A_0 58.89%
90 | =&~ MFCC_D_0 54.54%
—8- MFCC_0 38.71%
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Figure D.1: The plot shows the results for using MFCC features without delta and accel-
eration, with delta but not acceleration and with delta and acceleration, and Filter bank

features.

D.2 Multicondition Results

An effective way of dealing with noisy speech is simply to train on the noisy data. This
is called matched training. Recently, it has become clear that one can obtain even better
results by first running a cleaning algorithm on the multicondition training set, which
consists of speech files with noise at different SNRs, and different types of noise. Then
the acoustic models are re-trained on the cleaned training set. This is called multicondi-

tion training.
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In Table D.1 we show the result of using Algonquin (256 mixture speech model,
1 mixture noise model) to clean the multicondition training set, and then use the new
acoustic models for recognizing set A. Note that we are using the same cleaned files as
in Table 8.1. The average accuracy increases to 86.57%. This is a reduction in Word

Error Rate from the baseline (82.22%) of 24.5%.

Subway | Car | Babble | Exhib. | Average

Clean 98.83 | 9843 | 98.30 | 98.77 98.58
20 dB 9742 9737 | 98.15 | 97.38 97.58
15 dB 95.64 |95.68 | 97.88 | 95.68 96.22
10 dB 91.07 9241 | 9562 | 9244 92.89
5dB 80.84 | 81.86 | 90.07 | 85.87 84.66
0dB 5536 |52.51 | 68.86 | 69.30 61.51
-5dB 2524 | 19.26 | 29.14 | 3946 28.27

Average | 84.07 | 8397 | 90.12 | 88.13 86.57

Table D.1: Accuracy for Set A. Log-Spectrum domain MMSE-Algorithm. Recognition
using models trained on multicondition data. The training set was cleaned using a single
mixture noise model estimated using the first 20 frames. A 256 mixture speech model

was used.

D.3 Cepstrum Domain MMSE Algonquin

The Algonquin algorithm can be formulated in the cepstrum domain. The recognition
results for this algorithm are shown in Table D.2. The recognition result of 85.25% is
comparable to an accuracy of 82.22% in the log-spectrum domain. This is a relative

reduction in WER of 17.04%.
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Subway Car Babble | Exhibition || Average

Clean | 98.74% | 98.70% | 98.75% | 99.01% 98.80%
20dB 9724% | 97.52% | 98.54% | 97.01% 97.58%
15dB 94.78% | 96.43% | 97.44% | 95.25% 95.97%
10dB 89.41% | 92.56% | 93.77% | 91.79% 91.88%
5dB 80.47% | 80.44% | 85.57% | 82.66% 82.28%
0dB 60.15% | 49.94% | 59.02% | 65.04% 58.54%
-5dB 28.83% | 19.38% | 2091% | 35.14% 26.06%

Average || 84.41% | 72.71% | 86.87% | 86.35% 85.25%

Table D.2: Accuracy for Set A. Cepstrum domain MMSE-Algonquin. The speech model
contained 256 mixtures. Single component noise model estimated from the first 20

frames.

Subway | Car | Babble | Exhibition | Average

Clean 98.93 |[99.12 | 98.99 99.32 99.09
20 dB 96.13 | 97.88 | 98.36 97.01 97.34
15 dB 92.54 |95.65| 97.08 94.57 94.96
10 dB 84.80 | 90.21 | 93.32 89.39 89.43
5dB 68.74 | 75.15 | 84.16 80.07 77.03
0dB 43.63 | 4607 | 59.53 60.07 52.33
-5dB 1842 | 16.69 | 26.69 33.14 23.73

Average || 77.17 | 80.99 | 8649 84.22 82.22

Table D.3: Accuracy for Set A. Log-Spectrum domain MMSE-Algorithm after 2 itera-
tions. The speech model contained 256 mixtures. A single component noise model was

used which was estimated from the first 20 frames of each file.
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Subway | Car | Babble | Exhib. | Ave.

Clean 98.62 | 98.55 | 98.81 | 99.11 || 98.77
20 dB 93.77 | 9498 | 96.72 | 94.35 || 94.96
15 dB 8729 | 89.51 | 9463 | 89.20 | 90.16
10 dB 7627 | 7820 | 87.21 | 79.51 || 80.30
5dB 58.70 | 5831 | 71.67 | 63.96 || 63.16
0dB 3433 3029 | 41.37 | 3949 || 36.37
-5dB 16.18 | 13.72 | 16.85 | 20.80 || 16.89
Average | 70.07 | 70.26 | 7832 | 73.30 || 72.99

Table D.4: Accuracy for Set A. Using 4 mixture noise model.

Log-Spectrum domain

MMSE-Algorithm. The speech model contained 256 mixtures. A single component

noise model was used which was estimated from the first 20 frames of each file.

Subway | Car | Babble | Exhib. | Ave.

Clean 98.71 | 9891 | 9890 | 99.26 || 98.94
20 dB 95.73 19740 | 98.12 | 96.30 || 96.89
15dB 9146 | 9474 | 9645 | 93.09 | 93.94
10 dB 82.62 | 88.85| 9198 | 85.78 || 87.31
5dB 6555 | 71.77 | 8041 | 72.66 || 72.60
0dB 3994 |39.12 | 51.69 | 50.05 || 45.20
-5dB 17.19 | 1554 | 20.52 | 25.21 || 19.62
Average | 7506 | 7838 | 83.73 | 79.58 | 79.19

Table D.5: Accuracy for Set A. Using 8 mixture noise model.

MMSE-Algorithm.

Log-Spectrum domain



APPENDIX D. RESULTS

138

Subway | Car | Babble | Exhib. | Ave.

Clean 98.74 | 99.00 | 9890 | 99.29 || 98.98
20 dB 9622 | 98.04 | 9848 | 96.76 | 97.38
15dB 9242 |95.62| 9693 | 94.05 | 94.76
10 dB 8434 190.81 | 93.05 | 88.34 || 89.13
5dB 68.10 | 7443 | 82.79 | 77.82 || 75.78
0dB 41.11 | 4238 | 5559 | 56.16 | 48.81
-5dB 1676 | 1623 | 2276 | 29.22 || 21.24
Average || 7644 | 80.26 | 85.37 | 82.63 || 81.17

Table D.6: Accuracy for Set A. Using 16 mixture noise model.

MMSE-Algorithm.

Log-Spectrum domain

Subway | Car | Babble | Exhib. | Ave.

Clean 98.89 199.06 | 99.11 | 99.29 || 99.09
20 dB 9625 | 9791 | 9848 | 97.19 || 97.46
15dB 9232 | 9634 | 97.14 | 94.11 || 9498
10 dB 84.07 | 91.11 | 93.05 | 88.52 || 89.19
5dB 6739 | 75.18 | 83.27 | 7843 || 76.07
0dB 4185 | 4441 | 56.84 | 58.07 | 50.29
-5 dB 16.76 | 1644 | 2446 | 31.63 | 22.32
Average || 7638 | 80.99 | 85.76 | 83.26 || 81.60

Table D.7: Accuracy for Set A. Using 32 mixture noise model.

MMSE-Algorithm.

Log-Spectrum domain
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Subway | Car | Babble | Exhib. | Ave.

Clean 9896 |99.09 | 9896 | 99.32 || 99.08
20 dB 9628 | 97.85| 9848 | 97.04 | 9741
15dB 92,69 | 9586 | 97.05 | 9445 | 95.01
10 dB 8446 |90.51 | 9296 | 89.26 || 89.30
5dB 68.07 | 7594 | 83.54 | 79.33 || 76.72
0dB 4332 | 4528 | 58.87 | 59.67 || 51.78
-5dB 1790 | 1626 | 2598 | 32.15 | 23.07
Average | 7696 | 81.09 | 86.18 | 83.95 || 82.05

Table D.8: Accuracy for Set A. Using 64 mixture noise model.

MMSE-Algorithm.

Log-Spectrum domain

Subway | Car | Babble | Exhib. || Ave.

Clean 98.96 [99.15| 99.02 | 99.26 || 99.10
20 dB 96.19 | 97.85 | 9845 | 96.79 || 97.32
15 dB 92.69 9589 | 9690 | 94.66 || 95.03
10 dB 84.89 | 8996 | 93.05 | 88.71 | 89.15
5dB 69.05 | 7497 | 83.75 | 79.94 || 76.93
0dB 43.60 | 46.16 | 58.87 | 60.10 | 52.18
-5dB 1839 | 1699 | 2642 | 3249 | 23.57
Average || 77.28 | 8097 | 86.20 | 84.04 | 82.12

Table D.9: Accuracy for Set A. Using 128 mixture noise model.

MMSE-Algorithm.

Log-Spectrum domain
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Subway | Car | Babble | Exhib. | Ave.

Clean 9893 199.09 | 99.02 | 99.32 || 99.09
20 dB 96.71 | 9791 | 9845 | 97.35 | 97.60
15dB 9398 |95.65| 97.52 | 9550 | 95.66
10 dB 8726 |90.81 | 93.86 | 90.31 || 90.56
5dB 7412 | 77.60 | 86.04 | 81.58 || 79.83
0dB 5183 | 4680 | 62.72 | 61.46 || 55.70
-5dB 2508 | 1690 | 2893 | 3533 || 26.56
Average || 80.78 | 81.75 | 87.72 | 85.24 || 83.87

140

Table D.10: Accuracy for Set A. 2 Gaussian mixture used to approximate single Gaus-

sian. Log-Spectrum domain MMSE-Algorithm.

Subway | Car | Babble | Exhib. || Ave.

Clean 98.93 [99.09 | 99.02 | 99.32 || 99.09
20 dB 96.65 |97.85| 9848 | 97.25 || 97.56
15 dB 9429 9562 | 9746 | 9562 || 95.75
10 dB 87.84 | 90.54 | 9401 | 90.62 | 90.75
5dB 75.53 | 7696 | 86.52 | 81.27 || 80.07
0dB 54.13 4625 | 6242 | 6146 || 56.07
-5dB 27.51 | 1693 | 2830 | 35.30 || 27.01
Average || 81.69 | 8144 | 87.78 | 85.24 | 84.04

Table D.11: Accuracy for Set A. 4 Gaussian mixture used to approximate single Gaus-

sian. Log-Spectrum domain MMSE-Algorithm.
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Subway | Car | Babble | Exhib. || Ave.

Clean 9650 |96.22 | 9693 | 9695 || 96.65
20dB 97.02 | 9834 | 9845 | 97.78 || 97.90
15 dB 9450 9701 | 97.79 | 95.68 || 96.25
10 dB 8753 | 94.14 | 9448 | 9241 || 92.14
5dB 7590 | 84.04 | 86.76 | 8497 || 82.92
0dB 5345 | 5698 | 6427 | 67.54 || 60.56
-5dB 2570 | 2195 | 2696 | 38.82 || 28.36

Average || 81.68 | 86.10 | 88.35 | 87.68 || 85.95

Table D.12: Accuracy for Set A. Upper bound for 1 mixture noise model, noise esti-
mated from true noise. Noise was found by subtracting the samples of each clean speech
file from the samples of the corresponding noisy file. Log-Spectrum domain MMSE-

Algorithm. The speech model contained 256 mixtures.

Subway Car Babble | Exhibition || Average

Clean 433% | 493% | 5.04% 4.44% 4.69%
20dB 2011% | 9.82% | 1217% | 16.08% 14.54%
15dB 29.75% | 15.84% | 16.43% | 23.17% 21.30%
10dB 43.63% | 27.06% | 24.40% | 30.82% 31.48%
5dB 56.65% | 45.83% | 33.31% | 43.35% 44.78%
0dB 73.84% | 6829% | 51.63% | 57.98% 62.93%
-5dB 87.23% | 88.21% | 7590% | 78.06% 82.35%

Average || 44.80% | 42.51% | 27.59% | 34.28% 35.01%

Table D.13: WER for Set A. MMSE-Algonquin. Single component noise model esti-
mated from the first 20 frames. Log-spectrum acoustic models were used in the recog-

nizer, which accounts for the high WER.
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Subway Car Babble | Exhibition || Average

clean 510% | 535% | 5.34% 4.94% 5.18%
20dB 1035% | 644% | 6.77% 8.49% 8.01%
15dB 1624% | 992% | 8.41% 12.28% 11.71%
10dB 28.06% | 16.72% | 13.84% | 18.33% 19.24%
5dB 46.02% | 33.37% | 22.70% | 31.78% 33.47%
0dB 68.10% | 59.16% | 37.88% | 47.08% 53.05%
-5dB 84.53% | 86.09% | 63.82% | 69.15% 75.90%

Average || 33.75% | 35.28% | 17.92% | 23.59% 25.10%

Table D.14: WER for Set A, SOFT-Algonquin. Single component noise model estimated
from the first 20 frames. Log-spectrum acoustic models were used in the recognizer,

which accounts for the high WER.
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