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Abstract
Noise Robustness in Automatic Speech Recognition
by Chia-Ping Chen

Chair of Supervisory Committee:

Professor Jeff Bilmes
Electrical Engineering

The issue of noise robustness in automatic speech recognition is of practical importance and
largely unsolved. In this thesis, this problem is tackled from both perspectives of front-
end speech features and back-end speech models. For the front end, a feature processing
technique consisting of mean subtraction, variance normalization and ARMA filtering is
investigated. Mathematical analyses are carried out for the distortion of speech features in
the presence of additive and convolutional noises. Extensive experiments are conducted to
see how to best use this front-end technique. It is experimentally verified to be extremely
effective for the noisy-digit databases of Aurora. This performance gain is achieved without
increasing the model parameters and computational cost. For the back end, a novel random
variable called a feature selector is introduced into speech models to dynamically select a
robust component feature to score, ignoring the others. The values of the feature selectors
are based on either the energy or the spectral entropy of the signal. This back-end technique
does not lead to significant performance gain with the investigated feature streams of MV

and MVA features. Yet it is a novel scheme of integrating multiple information sources.
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Chapter 1

INTRODUCTION

1.1 Statistical Automatic Speech Recognition Basics

An automatic speech recognition (ASR) system is a programmed machine that recognizes
human speech. An accurate ASR system can provide an ideal human-machine interface,
as speech is a fast and natural way for most people to express intentions. A short list
of voice commands can reduce significantly the number of keystrokes or point-and-clicks,
which require complicated hand-eye coordination. Other examples of ASR applications
include automatic information retrieval from a database of audio files and automatic word
spotting for surveillance-system archives. In these applications, enormous amounts of data
are being handled and it is therefore essential to make the process automatic. For this
purpose, an ASR system can be used to convert audio signals into queries to initiate the
automatic process.

In statistical ASR, the human speech is represented as a stochastic process, for which an
acoustic model is used to approximate the acoustic aspects (such as temporal and spectral
patterns) and a language model is used to deal with the linguistic aspects (such as syntax and
semantics) of speech. Acoustic models are often established in a feature space, where features
are meant to be salient representations of speech signals for the purpose of recognizing the
embedded linguistic targets. Language models are often built in the discrete space of word
sequences, with the goal of assigning most of the probability mass to the well-formed and
meaningful word sequences (i.e. syntactically and semantically correct sentences) while
maintaining non-zero (albeit very small) probabilities to the ill-formed ones.

An ASR system thus includes a module of feature extraction in the front end and a

module of speech models in the back end. The parameters in speech models are first trained



with training data and then used for test data. (cf. Figure 1.1.)

After an ASR system has been trained and tested, its performance can be evaluated by
different performance measures based on the objective of the underlying application. The
word error rate, which is defined as the percentage that the evaluated ASR system commits

an error in the recognized words, is used in this thesis.

The following subsections cover further details and common examples of the features,

models and evaluation of ASR systems.

1.1.1 Speech Features

A discrete-time representation of human speech usually contains at least 8000 samples per
second, based on the common belief that most of the information in speech is contained
in the band of 0 — 4000 Hz. In an ASR system, speech samples are further processed into
speech feature vectors. Such signal processing often incorporates knowledge of articulation,
audition and perception about human speech. After the extraction of features, a typical
setting is to have 100 feature vectors per second, each containing tens of feature components.

The actual rate and size may vary from system to system.

Ideally, the features should be discriminative with respect to different linguistic units
and robust to variation within the same linguistic units. The design of speech features
is a paramount problem for robust and accurate ASR systems, as there are many factors

contributing to acoustic variation as well as acoustic confusion.

A handful of features has been commonly adopted in ASR systems. The linear prediction
coefficients (LPC) [62] represent a simple all-pole model of vocal tract. The mel-frequency
cepstral coefficients (MFCC) [21] are based on the spectral envelopes of speech and on
knowledge of the auditory systems. Features based on artificial neural networks (ANN)
simulate an information-processing paradigm used by the human brain with emphasis on

discrimination.



1.1.2  Speech Models

The speech model of an ASR system can be decomposed into an acoustic model and a
language model. An acoustic model is an approximation to the probability distribution of
random speech features given the linguistic targets. For example, with the hidden Markov
models (HMMs) [44], this probability (density) is given by

T

p(AW) = > p(s1)ploils) [] p(silsi—1)p(orlst), (1.1)

se{Sw} t=2

where A = {o01...07} is a sequence of observed feature vectors, with o; being the feature
vector at time ¢; s = {s1... sy} is a sequence of states, with s; being the state at time ¢; W
is a sequence of words or phones, and {Sy } is the set of state sequences compatible with
w.

A language model is an approximation to the probability of random word (or other
linguistic unit) sequences. For example, with an n-gram language model [19], the probability
of a word sequence W £ (w; ... wy) is given by

N N

p(W) = Hp(wi|w1:i—1) = Hp('wi|wi—n—|—1:i—1), (1.2)

i=1 1=1
where w;.; £ (w; ... w;).

From an engineer’s perspective, a practical speech model satisfies at least two criteria: it
is a fair approximation and it can be implemented with reasonable computational resources.
The popularity of HMMs and n-grams is mainly due to efficiency rather than accuracy. That
said, they are often good starting points from which to build an ASR system, subject to

further refinements if additional resources become available.

1.1.3 FEwvaluation Methods

The performance level of an ASR system is often quantified by the word error rate (WER),
which is a measure of discrepancy between the true transcription 7" and the recognition
output R. With respect to an optimal alignment of R with 7', WER is defined as

_S+I+D

E N

x 100%, (1.3)



Table 1.1: Word error rates of ASR systems on selected tasks.

database style vocabulary | environment | data size WER
Aurora 2.0 read 11 noisy 4 hours | 14.0% [41]
Phonebook read 600 clean 5 hours 5.6% [6]
SPINE spontaneous 6k noisy 17 hours | 28.0% [31]
Switchboard | spontaneous 65k telephone | 265 hours | 19.3% [38]

where S, I and D are respectively the numbers of substituted, inserted and deleted words,
and N is the total number of words in 7. Equivalently, the word accuracy rate A, defined
as A =1— E, can also be used. Note that a word error rate can be greater than 100% if
the recognition output abounds in insertion errors.

Generally speaking, the performance measure varies from one application to another. In
the circumstances where exact matches are crucial, the sentence error rate (SER) is often
adopted. Here SER is defined as the number of incorrectly recognized sentences divided by
the total number of test utterances. The count of errors is incremented unless the recognition
output of a sentence is identical to the true transcription. The circumstances where SER is

appropriate include recognition of telephone numbers, ID numbers or addresses, for example.

1.2 Current ASR Performance Levels

The fundamental difficulty in ASR tasks lies in the vast variation of human speech. Gender,
age, tone, accent, environment, style, and speaking rate, to name a few, all contribute. The
ability of humans to adjust to such variation is truly remarkable. ASR systems, however,
are still far behind in terms of this capacity. To get an idea of what kind of challenges
confront the current ASR community, the performance levels of selected ASR tasks are
given in Table 1.1.

Most of the errors committed by ASR systems can be attributed to the following rea-
sons. First, the speech features may be not sufficiently discriminative (i.e. well-separated in

the feature space) for the distinctive linguistic classes they are representing; or they are not



sufficiently robust to variations for the same linguistic content in differing environments.
This poses the challenge of discriminative and noise-robust features. Second, the speech
models may be inaccurate because the modeling assumption is erroneous or because the
model parameters cannot be reliably estimated. This leads to the research of model re-
finements, adaptations, and of new speech models. Lastly, search errors may occur due to
inexact decoding algorithms. This occurs when the search space is large and the constraint
on computational resource is stringent. This leads to the research of fast and accurate search

methods, especially in tasks of large vocabulary and long utterances.

1.3 Overview of Noise Robustness in Speech Recognition

Noise is everywhere! At home, it is the circulation of heated air in the winter and the sound
of the air-conditioner motor in the summer, the ringing of the telephone and the humming
of the vacuum. Outside, the planes, the buses, the sirens, the winds and the rains. In public
buildings, people’s chatting, the broadcasting and the background music. People usually
can “suppress” the noise and focus on meaningful signals, thus maintaining the capability of
speech recognition and understanding. Machines often cannot discard the interfering noise
in the signal and their performance can thus be severely degraded, even to the degree that
their use becomes impractical.

Consequently, the issue of noise-robustness must be solved for ASR systems to become
widely deployed, no matter how hard this problem is. For example, if an ASR system can
be robust to the noise inside a bus or a train, then people will start using it to better and
more safely use their time of commuting, when using hands and eyes may be inconvenient.

The surge in the usage of mobile phones also indicates the potential benefit that can be
generated by a viable noise-robust technique. One apparent application is to command cell
phones via voice, when using hands is not a good option.! Here an entire ASR system is to
be embedded in a handset and the limitation in computational resources, such as memory

footprint and power consumption, becomes a major issue.

'If the hands are busy, chances are that the brain is busy as well. Using a cell phone will distract the
user from his/her current focus. Noise-robustness can possibly reduce the distraction per usage but it can
also possibly increase the frequency of usage.



As another application, in order to access real-time information from anywhere at any-
time, the information server needs to be automated (for the “anytime” part), and the
accessing device needs to be mobile (for the “anywhere” part). An ASR system, with a
front end embedded in a mobile phone, if sufficiently robust, can provide a solution to this
future vision and thus bring convenience to human life. As mobile phones are often used in
noisy environments such as streets, restaurants, airports, and shopping malls, the embedded
system certainly has to be robust to these settings. The front-end robustness in the access-
ing devices can greatly reduce the burden of the recognizer embedded in the information

server, which may also have additional noise-robust techniques implemented.

An overview of ASR in noisy environments is depicted in Figure 1.1. Note that the
difference in environments, represented by {h(t), n(t)} and {h'(t), n'(¢)} in the graph,
of the training speech samples and testing speech samples is the main reason why this

recognition task is difficult. This is the problem of data mismatch.

The problem of noise-robustness, as it stands today, is largely unsolved. There is simply
no sound and general framework for this problem to be treated systematically and thor-
oughly. What makes it so difficult to combat noise in ASR? This question is partially
answered by reviewing past efforts of the research community, by an analysis of the distor-
tion by noise, as well as by the vast variety in the types of noise. This dissertation aims to

contribute towards moving close to a general solution of this problem.

For maximum usability, a noise-robust ASR technique shall not rely on the availability
of system resources. Specifically, a technique that does not use multi-channel signals, does
not require matched training data for test data, does not require prior knowledge about
the noise, does not degrade the performance level on clean data, and does achieve decent
performance level with unseen noisy data, with fast speed and without high computational
costs, is certainly desirable. The front-end technique investigated in this thesis is one of this

kind.



training transcripts
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Figure 1.1: Diagram of ASR system in noisy environments. Here s(t), h(t), n(t), and z(t)
represent respectively the speech signal, the convolutional noise, the additive noise, and the
noisy speech signal of the training data. X|[7] is the extracted feature stream. ¢ and 7 are
used to denote different sampling rates. Their counterparts of the test data are denoted by
the same notation with additional prime. In the back end, “AM” is the acoustic model, and
“LM?” is the language model. The solid line is the flow of data when the system is being
trained, while the dashed line is the flow when the system is being tested.



1.4 Thesis Overview

The goal of this thesis is to investigate novel schemes for noise-robustness in ASR systems.
It starts with a comprehensive review of noise-robust techniques in Chapter 2. The review
is followed by an analysis of the distortion of speech features in the presence of noise in
Chapter 3. The proposed noise-robust schemes in the front end and the back end are
described in Chapter 4 and Chapter 5. The experimental results on noisy speech databases

are presented in Chapter 6. Finally, the conclusions are drawn in Chapter 7.



Chapter 2

REVIEW OF NOISE-ROBUSTNESS IN ASR SYSTEMS

This chapter opens with descriptions of the problems inherent in modern ASR systems,
especially the acoustic mismatch. This is followed by a review of noise-robust techniques.
These techniques are categorized in two main classes: in the front end or in the back end.
In noise-robust front ends, one tries to extract front-end features that are robust to the
corruption by noise. In other words, given a number of speech samples corresponding to
the same underlying speech but produced in different environments, the extracted features
from these speech samples should be similar to each other. In noise-robust back ends, one
attempts to modify the speech models learned from the training speech samples in ways
that compensate for the presence of different noise in the testing speech. The front-end
features of clean and noisy speech need not be similar, but the difference must be captured
and properly translated into model modifications. Details of the these front-end/back-
end techniques are further described in Sections 2.2 and 2.3, which provide background
knowledge of noise-robustness research.

A specific review of techniques on recently released noisy databases is presented in
Section 2.4. This review is valuable for the purposes of reference and placement of the

proposed techniques in this thesis, as they are evaluated on the same databases.

2.1 Research Background and Overview

Simply put, an ASR system outputs the most likely hypothetical sentence W* given the

acoustic evidence A,
W* £ arg max P(W|A) = arg mWaxP(A|W)P(W), (2.1)

where P(A|W) is the probability given by the acoustic model and P(W) is the probability

given by the language model. If these models are accurate, and an admissible (i.e. free of
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search errors) search algorithm is implemented, then the ASR problem is in principle solved

in the sense of minimum sentence error rate.

A main issue here is that the acoustic model (as well as the language model, which
will not be addressed further) learned from the training data is only an approximation for
the test data. Such inaccuracy in the acoustic model for test data has to do with three
somewhat separate issues. First, there may be inaccuracy in the assumed acoustic model.
The ubiquitous hidden Markov models with state-dependent observational Gaussian (mix-
ture) density functions belong to this category. Even asymptotically, i.e., with an unlimited
amount of training data, the inaccuracy of an assumed model (with a fixed structure and
number of parameters) leads to a non-zero KL-divergence [20] between the learned probabil-
ity distribution and the true distribution. An account of the capacity/limitation of hidden
Markov models is given in [7] and a general framework of segment modeling is given in [66].
Second, the issue of data paucity, leading to the result that the learned model is differ-
ent from the asymptotic model, further compromises the accuracy of the acoustic model.
Although parameter-tying schemes for robust estimation of model parameters [65, 81] can
alleviate the problem of data paucity, the learned model is still not ideal. Lastly, the issue
of mismatch makes the acoustic model of the test data different from that of the training

data and thus can simply invalidate the model learned from training data.

The main difficulty in dealing with noise in ASR systems is the aforementioned acoustic
mismatch, as the presence of noise corrupts speech samples and distorts speech features.
To systematically counter the corruption and distortion in the presence of environmental
noise has been the focus of research on noise robustness. In the case of corruption in
speech samples, techniques such as the Kalman filter [67] and microphone arrays [77] can
be used, in certain senses of optimality, to recover the clean speech samples. In the case
of distortion of speech features, either sets of noise-robust features have been proposed
or enhancement techniques have been adopted to restore the clean speech features. The
former includes such features as RASTA-PLP [39], visual features [69] and cross-correlation
features [9], while the latter includes such techniques as spectral subtraction [14], cepstral

mean normalization [3, 30] and norm equalization [46]. The distortion in speech features can
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be translated into deformation of the acoustic space, to which the models can be accordingly
adjusted. Techniques stemming from such considerations to bridge the gap between training
and testing acoustics include stochastic matching [70], parallel model combination [78, 33],
and model adaptation [32]. Still other ways to achieve noise robustness can be generally
called combination of multiple (complementary) information sources, where multiple feature
streams are incorporated in the ASR systems. Such combination can be done in feature
extraction [69], lattice re-scoring [27], or output generation [28, 60]. On small-vocabulary
ASR tasks, feature combination (via discriminatively trained neural networks) has been
experimented [26], while on medium- to large-vocabulary ASR tasks, combining hypotheses
has been found to be effective [31, 74, 49], with noisy speech databases.

Even for small-vocabulary ASR tasks, complicated systems have been attempted to
achieve good performance. For example, in [26], a front end consisting of principle compo-
nent analysis and a discriminative neural network applied to two types of speech features
and a back end consisting of standard Gaussian mixture acoustic models are used. In [4],
missing-data theory is used in identifying reliable features in the spectral-temporal domain.
In [22], voice activity detector and variable frame rate techniques are used to drop noisy
feature vectors to reduce the insertion errors. Such systems are computationally intensive as
they often introduce additional parameters either in the feature extraction or in the speech
models, and these parameters need to be learned from data samples. A fundamental issue
here is the risk of over-training [13], which occurs when spurious model parameters are
assumed in the model. Fine-tuning these parameters to match a particular set of data may

result in performance degradation when used with unseen data.

2.2 Noise-Robust Front Ends

An ideal noise-robust front end extracts the same feature vectors irrespective of the envi-
ronmental noises while preserving the information carried in the speech. A noise-robust
technique in the front end can be applied at any stage, from raw speech samples to raw
speech features, in the process of the audio signal processing. In this section, one tech-

nique restoring clean speech samples (Section 2.2.1), one technique modifying speech spectra
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(Section 2.2.2), and two techniques generating noise-robust speech features (Sections 2.2.3

and 2.2.4) will be described.

2.2.1 Kalman Filters

A Kalman filter estimates the unknown clean signal from the observed noisy signal based on
assumed stochastic models for signal and noise. In speech research, this filter is mainly used
as an enhancement method for noisy speech. In [67], as an explicit example, the Kalman
filtering method is studied and is shown to be significantly better than an alternative Wiener
filtering method, in terms of the respective output SNRs of the processed signal by these
filtering methods. Note that the minimum mean squared error criterion does not necessarily
translate into the optimal quality for human perception (intelligibility) or the best accuracy
for machine recognition.

The following formulation is excerpted from [55]. Let s; be the clean signal at time ¢,

then a first-order auto-regressive (AR) model for {s;} is
St = Qp—18¢—1 + Up—_1, (2.2)

where {a;} is known and {u;} is a zero-mean uncorrelated sequence of random variables.
Let x; be the noisy signal obtained by corrupting s; with additive noise n;, which is also
zero-mean and uncorrelated,

Tt = St + Ng. (23)

and further assume that n; is uncorrelated with u;. It can be shown that the MMSE
(minimum-mean-square-error) linear predictor of s;11, with {x4|t = 0,...,t} observed, is
given by
80 =0,
(2.4)
Sp41 = ag 8¢ + k(T — 84),
where §;11 is the predictor of s;11 and k; is the Kalman gain which can be obtained by the

following recursion:

Bl = Bls3),
aE[e]]
b= B+ B (2)

Ble{1] = ai(ar — ki) Eleg] + Blug],
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where ¢; £ s;— §, is the prediction error. Note that this recursion requires a; and the second
moments of n; and ;.

The speech signal cannot be well approximated by a first-order AR process (2.2). This
is not a handicap, as the above formulation can be extended to the appropriate orders for
the signal in matrix forms. Rather, the difficulty is that the parameters {a;} are unknown

and have to be estimated jointly with {s;}.

2.2.2  Spectral Subtraction

Spectral subtraction [14] attempts to estimate the spectrum! of the additive noise and then
subtract it from the spectrum of the noisy speech. Specifically, let {s;} be the speech signal,
{n;} be the additive noise signal, {z;} be the noisy speech signal, and let S(7)[k], N(7)[k]
and X(M[k] be the 7-th frame spectrum of {s;}, {n;} and {z;}, respectively. Then

Ty = S¢ + N, (2.6)
and
XMk = SOk + NDk], (2.7)
or equivalently,
STkl = XDk — NO&]. (2.8)

By (2.8), the speech spectrum S{7)[k] can be computed from X (")[k] and N(7[k], which can
be estimated from speech and non-speech segments respectively.

The effectiveness of spectral subtraction depends on a reliable estimate of the noise
spectrum, which in turn depends on the system’s ability to distinguish between speech
and non-speech segments. This method becomes more involved when the noise is highly

non-stationary.

2.2.3 RASTA

The RelAtive SpecTrA (RASTA) filtering [39] is a technique applied to compressed critical-

band power spectral envelopes. It is designed to remove the slow-varying environmental

!The spectrum is the distribution of energy along the frequency axis. It is basically the square of the
magnitude of a signal’s Fourier transform.
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variations and the fast-varying artifacts in speech processing. More specifically, the RASTA

features are extracted through the following steps:

1. Compute the critical-band power spectrum?.

2. For each band, transform the amplitude through a compressive mapping, e.g., taking

the logarithm of base e.

3. Apply the RASTA filtering to the time sequence of each band.

4. Apply the inverse transform of the previous compressive transform.

5. Compute the linear predictive coeflicients.

Which compressive (and the corresponding expansive) transform to use is a design choice
and can depend on the type of noise. Incidentally, the RASTA filter, the z-transform of

which is

ppp 2o et o2

H =
(2) =0 1— 09821 ’

(2.9)

has a frequency response resembling the characteristic curve of human sensitivity to fre-

quency modulation [36].

2.2.4 Correlation Features

Speech, as a special set of audio patterns evolved for human communication, is different
from other audio signals, such as bird chirps. Therefore, designing features based on the
idiosyncratic statistics of human speech is potentially helpful to discriminate speech from
other audio signals. The simplest statistics are the mean (first-order) and the correlation
(second-order), so correlation features are among the simplest methods to exploit in the

attempt to achieve this discrimination. Indeed, since the power spectrum is the Fourier

*The critical bands are discovered by Fletcher [29], who found that for a tone of a given frequency, the
noise outside the critical band does not affect the perception of the tone by the listener. The critical-band
power spectrum is obtained by convolving the power spectrum with the critical band filters.
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transform of the auto-correlation sequence, the spectral-based features do utilize information
in speech auto-correlation.

The ModCrossGram features, which are the short-time cross-correlation statistics be-
tween the spectral envelopes of different channels, extends the usage of signal statistics to

cross-correlation. These features are extracted as follows [10]:

1. The cross correlation sequences between channel pairs are computed from the critical-
band spectral envelopes with respect to a correlation window (of frames) and up to a

maximum lag
N-1
ROMi g = > XCHREX TR [l 1=0,..., lmag, (2.10)
k=0

where X (7 [z] is the i-th critical-band spectral magnitude at frame 7, wy’s are win-
dowing coefficients, N is the number of frames in a correlation window, and l,,,4, is

the maximum correlation lag.

2. For each channel pair, a linear least-square slope estimator is fitted to the lag index
1, reducing R, §] to 7(")[i, j]. Then a two-dimensional discrete cosine transform is

applied to r(7) [i,7] and the low-order coefficients are retained as features.

Alternatively, the dimensionality reduction can be carried out by information-theoretic con-
siderations. Here one calculates from data the mutual information between all pairs of origi-
nal feature components and then uses only those pairs with top-ranking mutual information.
That is,

{(ikajkalk)7k K} - argKmaxI( (T)[Z]7X(T+l)[.7])7
,],

where arg K max, F(z) denotes the K arguments with the K largest values in F(x). The
corresponding R(M[iy, j,] as defined in (2.10) can then be used as features. Redundancy

in mutual information can be further taken into account in the selection scheme [10].

2.3 Noise-Robust Back Ends

Instead of trying to counter directly the distortion of speech features, a noise-robust back

end attempts to change the speech model or modify the model parameters to compensate
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for the presence of noise.

2.3.1 Parallel Model Combination

The technique of parallel model combination [78] essentially combines the speech and the

noise models to account for observed features. That is,
Observation Probability = p(observation|Mgs ® My), (2.11)

where the subscripts S, N refer to the speech and the noise, and Mg ® My represents
symbolically the combined model for the noisy speech. The joint emitting density function,
given the speech state j and the noise state v, is the convolution of the corresponding
emitting density functions of 5 and v,

psw(arli.) = | " ps(eli)pn (@ — olv)de, (2.12)

—00

assuming that speech and noise are independent. To decode an observation feature sequence,
the Viterbi algorithm is used to search for the optimal joint state sequence,

¢e(d,0) = min { ¢y 1 (4, u) —log[ps(jli)pn (v|w)psn (z:]5,v)] }, (2.13)

El

which can be further compacted to a speech state sequence.

Although parallel model combination is quite general in principle, in practice its effec-
tiveness may not be optimal for the following reasons: First, the joint emitting density
function (2.12) often does not have a closed form, so some sort of approximation has to be
introduced. Secondly, the computational complexity in (2.13) is proportional to C?, where

C is the cardinality of the joint state space. Since
C =Cs Cy, (2.14)

the number of states in the noise model Cp is often designed to be small, limiting the
modeling accuracy. Lastly, the model learned with training data is not likely to be useful

for test data from a mismatched environment.
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2.8.2 Model Adaptation

Model adaptation uses adaptation data to modify model parameters for a specific speaker or
environment. A parametric transform is often used for fast and robust adaptation. Adap-
tation based on maximum likelihood linear regression (MLLR) and maximum a posteriori

(MAP) criteria will be outlined next.

2.3.2.1 Maximum Likelihood Linear Regression

In MLLR [54] model adaptation, the model parameters are adapted via a linear transform in
the parameter space. Adaptation can be supervised or unsupervised, with correspondingly
labeled (transcribed) or unlabeled adaptation data, say D,. The adaptation often starts
with the model learned from the training data and then runs for a few epochs of iteration.

The linear transform is determined by the auxiliary equation of the EM algorithm (A.1),
UmrLr = argm[?xE[logp(S, D,|U8)], (2.15)

where U is a matrix, S is the set of hidden variables and € is the current model parameters.
In the cases where the adaptation data are limited, the model parameters can be clustered
into linear regression classes such that all parameters in the same class are transformed by

the same adaptation matrix.

2.3.2.2 Mazimum A Posteriori

In MAP model adaptation [34], the model parameters are treated as random variables with
prior probability functions. Given adaptation data, the model is updated by maximizing

the posterior probability,
Onap = argmax p(0|D,) = arg max p(0, D) = arg maxp(Da|0)p(0)- (2.16)

When knowledge about 6 is available, e.g., learned from the training data, it can be in-
corporated into the prior probability p(#). Conjugate priors, which give rise to posteriors
with the same parametric form (as the priors) [13], are often used for p(#) to make the

computation tractable.
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2.4 Techniques on Recent Noisy Speech Databases

Thanks to the release of new noisy speech databases, many new techniques have recently
been designed and implemented. These databases provide excellent platforms for studies of
noise-robust techniques. Furthermore, special sessions in ASR. conferences and workshops
have been devoted to research on these new databases. In this section, selected ASR systems
with novel techniques and great performances on these databases will be reviewed. As the
proposed noise-robust techniques will be evaluated with these databases, this review will

provide the background knowledge for this research.

2.4.1 Aurora 2.0

Aurora 2.0 [41] is a noisy speech database that consists of continuous utterances of digit
strings. It has a very small vocabulary, and a typical utterance lasts no more than 3 seconds.
The challenge of Aurora 2.0 is that the corrupting noises can be intense and mismatched.
Specifically, clean speech is corrupted by being added to recorded noise at signal-to-noise
ratios from 20 dB (almost clean) to —5 dB (almost all-noise), and may be further corrupted
by convolutional noises. The recognition tasks include both matched and mismatched tasks.
The multi-condition training set consists of both clean and noisy (5 — 20 dB) speech, while
the clean training set consists of only clean speech. Test set A is composed of speech
corrupted by the same additive noises as those used in the multi-condition training set; test
set B is composed of speech with non-matched additive noises; and test set C is composed
of speech corrupted by partially matched additive noises and by non-matched convolutional
noises.

The performance of the baseline ASR system [41], which contains no specific noise-
robust techniques, is duplicated in Table 2.1. Clearly, the performance degrades quickly as
the noise level increases and as the environmental mismatch is introduced.

A special session on Aurora 2.0 was held in the September 2001 Eurospeech conference?

to compare noise-robust techniques from different research sites. Selected ASR systems with

3Two years later, in 2003, another evaluation on noisy Aurora databases was held in Eurospeech again,
but the focus has shifted to Aurora 4.0, a large-vocabulary task.
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Table 2.1: Word Accuracies (as percentages) of the defined baseline ASR system on Aurora
2.0.

Multi-Train Tasks Clean-Train Tasks

clean | 0-20dB | -5 dB | clean | 0-20 dB | -5 dB

Test set A | 98.5 87.8 24.6 | 99.0 61.3 7.9
Test set B 98.5 86.3 25.9 | 99.0 55.7 7.7
Test set C | 98.5 83.8 21.6 | 99.1 66.1 11.5

Table 2.2: Word error rates of selected ASR systems on Aurora 2.0 averaged over 0 — 20 dB
SNR test data.

multi-train | clean-train
baseline system 13.6% 40.0%
tandem acoustic models 6.9% N/A
feature vector selection 10.0% 16.3%
missing data technique N/A 14.0%
spectral-based discriminative feature 10.0% 15.8%
MFCC-MVA features 8.0% 16.4%

noise-robust techniques are reviewed in the following sections. First, however, the word error
rates of these systems are summarized in Table 2.2 # in order to show the performance level

of systems with this database.

2.4.1.1 Tandem Acoustic Modeling

In tandem acoustic modeling [26], PLP-cepstral features are first processed by a 3-layer
neural network. This neural network has an input layer of 39 X 9 units corresponding to
9 consecutive feature frames, a hidden layer of 480 units and an output layer of 24 units

corresponding to 24 phone classes. It is trained with posterior phone-class probabilities as

4Note that we have included the performance of the MVA features, which will be described in Chapter 4.
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targets. The 24 linear activations at the output units of the trained network are extracted
as speech features. These features are further multiplied by a full-rank matrix derived
by the principle component analysis [25]. Finally, the transformed features are used in a
wholeword-HMM back end for training and recognition.

With the above features alone, the average WERs are 7.7%, 11.1% and 10.0% on 0 — 20
dB data of test set A, B and C respectively with the multi-train tasks. When the neural
network based on PLP is combined with a similar neural network based on the modulation

spectrogram, the average WERs are reduced to 6.2%, 7.9%, and 6.3% respectively [26].

2.4.1.2 Feature Vector Selection

Feature vector selection (FVS) [22] discriminates speech frames from non-speech frames. It
drops the latter to reduce potential insertion errors.

One method to detect the speech/non-speech segments in a data stream is the voice
activity detector (VAD). In [22], a frame is labeled non-speech and dropped if the SNR
estimate is below a pre-defined threshold. Here the SNR estimate is determined by the
difference between the current log energy and the long-term log energy. Another method to
discard the non-speech frames is called the variable frame rate (VFR): a frame is discarded
if the Euclidean distance between the delta-cepstral sub-vectors of the current frame and
the previous frame is below an optimized threshold. In this scheme, the segments with only
stationary noise are more likely to be discarded than frames with speech.

The WERs with VAD-based FVS are 10.0% for the multi-train and 16.3% for the clean-
train on 0 — 20 dB test data. For VFR-based FVS, the WERs are 10.9% and 17.6%.

2.4.1.83 Missing Data Techniques

The technique of missing data theory (MDT) identifies reliable data in noise-corrupted data.
The reliable data is treated as evidence while the rest is treated as missing (or hidden) data.
The relationship between evidence and missing data is used to integrate away the missing
data in order to marginalize the evidence probability for classification.

When speech is one of the sound sources, there are spectral-temporal regions (“evi-
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dence”) that remain uncorrupted by noises and are consequently reliable for recognition.
Spectral-temporal regions dominated by a single source can be grouped by patterns created
by the dominant sound-producing process. One such pattern is harmonicity, that is, the en-
ergy of voiced speech will be organized around the harmonics of the fundamental frequency.
Therefore, the existence of harmonic groups gives evidence for a dominant sound source [4].
When identification of harmonic groups fails, as in unwvoiced speech or noise, a local SNR
estimate can be a substitute labeling tool.

Combined with gender-dependent models (where the acoustic models for male and female
speakers are distinct), the MDT-based systems achieve an average WER of 14.0% with
clean-train tasks over 0 — 20 dB test data [4].

2.4.1.4 Spectral-Based Discriminant Features

The system in [5] integrates several techniques which independently achieve noise robustness.

Specifically, it includes the following modules:

e data-driven temporal filter: A 101-point feature vector from the 7th mel band is
used for linear discriminant analysis (LDA) [25]. After LDA, the leading discriminant
vector is truncated to a 51-point causal vector and is used as the temporal filter for

all mel bands.

e neural network VAD: A multi-layer neural network VAD is trained to discriminate
speech and non-speech frames. It has an input layer of 54 units from 9 consecutive
frames, a hidden layer of 50 units, and an output layer of 2 units corresponding to the

silence class and the speech class.

e on-line mean and variance normalization: At frame ¢, the mean and variance estimates

are updated if the current frame is not silent,

Pt = pe—1 — (s — pe—1)

Oy = Ut2—1 —af(zs — Mt)2 - U?—l)a
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where z; is the feature, y; and o7 are the mean and variance estimates. The normalized

feature is simply
Tt — [t
or+80’

!
Ty =

where 0 < @ < 1 and € > 0 are empirically determined parameters.

e nonlinear discriminative transform: This is the same as with tandem acoustic modeling

as outlined in Section 2.4.1.1.

The average WERs with this technique are 10.0% in the multi-train case and 15.8% in

the clean-train case, over 0 — 20 dB test data.

2.4.2 Aurora 3.0

The Aurora 3.0 database [56, 76, 64, 58] consists of four languages: Danish, Finnish, German
and Spanish. Utterances consisting of digit strings are recorded in cars using close-talking
(CT) and hands-free (HF) microphones. Recordings occur in quiet, low noise, and high
noise conditions. For each language, there are three tasks. The well-matched (WM) task
is to train on 70% of both CT and HF recordings from all conditions and test on the
remaining 30%. The medium-mismatched (MM) task is to train on HF recordings from
quiet and low-noise conditions and test on HF recordings from high-noise condition. The
highly mismatched (HM) task is to train on 70% of CT recordings from all conditions and
test on 30% of the HF recordings from low and high noise conditions.

Like Aurora 2.0, Aurora 3.0 is a small-vocabulary database. Unlike Aurora 2.0, the
noises in Aurora 3.0 are real-time and vary constantly over the course of the recordings. In
addition, using HF microphones also introduces severe convolutional distortion.

A special session to evaluate novel noise-robust techniques on Aurora 3.0 database was
held in the 2002 International Conference on Spoken Language Processing (ICSLP). Again,
selected ASR systems will be reviewed in the following sections and respective performances

are summarized in Table 2.3. °

5 Again we have included the relative improvement of MVA features. Note that the performance of MVA
is remarkably good, regardless of the fact that only one single technique is implemented in the system.
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Table 2.3: Relative improvements in word error rates over the baseline system of the selected
ASR systems on Aurora 3.0.

relative improvement
baseline system 0.0%
Gabor features 57.4%
Splice 47.2%
auditory features 38.4%
histogram equalization 30.5%
MVA features 47.7%

2.4.2.1 Gabor Features

In [52], Gabor features are derived from the two-dimensional (time and frequency) Gabor

functions defined as

g(t, f) £ n(t, f) e, f), (2.17)
where
n(t, f) & r—_— —(fa—j%fo)Q + _(ta_%toy (2.18)
is Gaussian, and
e(t, f) £ expliws(f — fo) + iwe(t — to)] (2.19)

is sinusoidal. The parameters of the Gabor functions are o4,0y,t0, fo, and wi,wy. Re-
spectively, (to, fo) parameterize the location, (o4,0f) parameterize the spread, and (w, wy)
parameterize the angular frequency of the Gabor functions. The product of a given Gabor
function and the two-dimensional representation of speech produces a Gabor feature.

The Gabor functions used in [51] are further constrained by
W Op =T, WpOF=m (2.20)

and

n(t, f) =0, if t ¢ [—204,204] or f & [—20¢,207], (2.21)
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so that each Gabor function is localized and has a fixed number of oscillations. Note that
when o} vanishes, w; is not constrained by (2.20) and the corresponding Gabor feature is a
purely spectral-domain processing on the original two-dimensional representation. Likewise,
when o7 = 0, the corresponding Gabor feature is purely temporal. Consequently, as special
cases of the Gabor features correspond to extracting pure temporal information and pure
spectral information from the two-dimensional representation of speech, this is arguably
more general than methods that are based on strictly spectral cues or temporal cues. In
practice, the set of Gabor features has been determined by a grid search over w; and wy [51].

On Aurora 3.0, an ASR system combining Gabor features and Qualcomm-OGI-ICSI
features and using noise reduction and frame-dropping techniques yields a performance

improvement of 57.4% averaged over all tasks and languages [52].

2.4.2.2 Splice

The Splice algorithm [24] learns a joint model of clean and noisy cepstral vectors from two
channels of training data, clean and noisy. Specifically, let z and y be the clean and the
noisy cepstral vectors and let s represent an index to the environment where the speech
takes place. The model assumes that y is normally distributed given s, and that z is

normal-distributed given s and v,

p(y|s) = N(y; s, 3s),

p(zly,s) = N(z;y + 75, T).

(2.22)

It follows that the joint probability density of (z,y) is given by
pla,y) =Y p(s,z,y) =Y p(s)p(yls)p(zly, s)- (2:23)
S S

The model parameters {us, 25,75, s} and {p(s)} can be learned from training data.

The MMSE estimate of x from y is given by

i(y) = arg Izrgl)lE(w — 2(y)* = Elzly] = B[Elzly, sllyl =y + Y _ p(sly)rs, (2.24)
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The original splice algorithm depends on the availability of stereo (two-channel) data,
which can be expensive to collect. A more general framework which learns the bias (r,) via
ML criterion and thus does not require stereo data during training has been reported to
achieve better results with the Aurora 2.0 database [79].

When combined with the time-domain smoothing, blind equalization, and ideal end-

pointing techniques, Splice yields an overall improvement of 47.2% over the baseline system

on Aurora 3.0 [24].

2.4.2.8 Discriminatively Trained Auditory Features

The extraction of discriminative auditory features [59] is similar to the MFCCs, with the
exception that the coefficients of the binning filters centered at mel-frequencies are discrim-
inatively trained rather than fixed. These so-called auditory filters are equally spaced in the
Bark-scale. The shapes of these filters are constrained to be smooth and bell-like. Specifi-

cally, the normalized filter coefficients {w;;i = —L,...,0,..., L} are required to satisfy

L F(SI HE), 650,
w; =141, i=0, (2.25)

1—F(3,5H(S), <0,

where H (z) is the exponential function, F'(z) is the sigmoid function, and ¢; is the difference

between adjacent filter coefficients,

w; — wi—1, >0,
5 =

Wit1 — Wy, & <O0.

The training of the model parameters now includes learning these normalized filter
coeflicients. The discriminative training uses the minimum classification error criterion in

parameter estimation [45].

With Aurora 3.0, this technique yields an overall improvement of 38.4%.
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2.4.2.4 Histogram Equalization

The histogram equalization [71] works as follows. Let z and y respectively represent the
observations of two different conditions A and B. Based on the histograms of the data, a

data point z in A is mapped to the point y in B with the same percentile. That is,

z(y) = Cx' (Cv (), (2.26)

where Cz(-) denotes the cumulative histogram of samples of random variable Z. With this
mapping, the models trained by data = can be used for data .

This technique is applied in the cepstral domain, yielding an overall improvement of
30.5% with Aurora 3.0 [71] when it is combined with spectral subtraction and frame-

dropping techniques.

2.4.2.5 FEigenspace Normalization

The eigenspace of a matrix is spanned by its principle axes. In [80], the cepstral feature
vectors are represented in the eigenspace of the sample covariance matrix. In this space, the
mean subtraction and variance normalization are applied to the data. That is, along each
principle axis the data has zero mean and unit variance. Finally, the normalized vectors in
the eigenspace are inversely transformed to the original space for the ASR back end.

This method is evaluated with the Aurora 3.0 database. It shows an overall improvement
of 6.48% relative to the advanced front-end baseline, when combined with utterance-level

frame dropping [80].

2.5 Discussion

ASR systems based on multiple techniques are very common for the purpose of noise-
robustness. That is, novel techniques based on simple and sound ideas are often combined
with other “standard” techniques to achieve better performance. Such combination is often
justified by the performance gain rather than by theoretical considerations. It can, however,
become difficult to compare different novel techniques when they are combined with different

subsidiary techniques. In addition, efforts to tune the parameters in ASR systems are critical



27

for optimal performances. Differences in tuning criteria and data can lead to significant
performance variation and thus further increase the difficulty of comparison. Note that
these tuning details have been deliberately left out here to avoid obscuring the main ideas.
Those who are interested and ready to delve into technicality are encouraged to go directly
to the cited references.

From the Tables 2.2 and 2.3, it is noted that the MVA does not yield the best per-
formance in the tables but it ranks second. However, in many, if not all, of the systems,
the performance gain can not be attributed solely to the novel techniques, but is rather
a combination of multiple techniques that requires significant development efforts to tune
certain operational parameters. In contrast, the MVA is unique in the sense that it can be
applied out of the box. In other words, the potential gain in combining other techniques
have not been fully exploited. In this thesis, this technique is deliberately considered on its

own to maintain its strength in simplicity and effectiveness.
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Chapter 3

ANALYSIS OF FEATURE DISTORTION

As is pointed out in the preceding chapter, many modern noise-robust techniques for
ASR systems are justified on practical rather than theoretical grounds. While it is important
to know how a given technique works, it is even more important to understand why it does.
Therefore, an analysis that motivates the investigated techniques in this thesis will be
presented in this chapter. Specifically, the analysis is on the feature set of MFCCs and the
log energy in the presence of additive and convolutional noise at different noise levels. The
feature set and noise will first be defined, followed by an analysis of feature corruption by

noise.!

3.1 Common Types of Noise

Commonly encountered noise can be categorized into the additive noise and the convolu-

tional noise. By definition, additive noise affects the speech signal by an additive term
z(t) = s(t) + n(t), (3.1)

where {s(t)} is the clean speech, {n(t)} is the additive noise, and {z(t)} is the noisy speech.
Convolutional noise, on the other hand, affects the speech signal by a convolution

z(t) = s(t) x h(t) £ Y s(r)h(t - 1), (3.2)

=
where {h(t)} is the impulse response of a given environment. Here the environment is
assumed to be time-invariant, but note that otherwise z(¢) is simply the sum of impulse

responses at each instant weighted by the speech signal.

!This analysis of feature distortion here and MVA processing in the next chapter has appeared in a
submission to the IEEE Transactions on Speech and Audio Processing. The manuscript is currently
accepted pending mandatory revisions.
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In a real situation, both types of noise are present and therefore the noisy speech signal

includes both terms

(1) = s(t) * h(t) + n(?). (3.3)

Equation (3.3) can be regarded as a special subset of the general distortion, which maps

the clean speech into noisy speech,
z(t) = F(s(t)), (3.4)

where F is generally a non-linear mapping. However, this subset, of additive and convolu-
tional noises, approximates quite accurately typical noise.

Another type of distortion happens not during the transmission of source samples but
rather during the production of source samples. For example, under noisy environments, the
Lombard effect [48] on articulation, such as elongating the durations of vowels and tilting
the spectrum toward the high-frequency end, alters the acoustics. That is, the realization of
speech by a speaker under a noisy condition, {3(¢)}, is a distorted version of the realization
of speech by the same speaker in a clean environment, {s(¢)}. Note that the Lombard effect
cannot be approximated accurately by (3.3). Note also that the presence of noise can have
a subtle influence not only acoustically but also linguistically, as the noise can break the

speaker’s concentration.

3.2 Definition of the Used Features

For completeness, the definition of the adopted speech feature set is given next. Including
the basic feature derivation provides a background review, familiarizes the reader with
notation, and supplies a handy reference for later analysis.

An MFCC feature vector at a given speech frame, C = (C[1] ... C[D])7, is defined by
C = Glog, Q, (3.5)

where D is the number of cepstral coefficients, @ = (Q[1] ... Q[J])T is the mel-frequency

power spectrum obtained by summing over the power spectrum scaled by mel-frequency
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filter banks (also known as mel-binning), and G is the I x J matrix representing the

discrete cosine transform

Gij:\/gcos<%z(j—0.5)>,z':l...I,j:l...J. (3.6)

MFCC features are often enhanced with the zeroth cepstral coefficient C[0], defined by

J
2
Cl0] = — log, Q7] (3.7)
jzzle og. Q7]

or the log energy &, defined by

£ = log, (2 a:[nP) , (38)

n=0
where N is the number of speech samples in an analysis window (including the zero-

padding).

3.3 Feature Distortion in the Presence of Noise

Next, the distortion of the MFCCs and the log energy feature under noisy environments
will be expressed in terms of the clean speech signal and the noise signal. This analysis will
eventually lend a theoretical justification to the investigated techniques of this thesis, which

will be introduced in Chapter 4.

3.8.1 Distortion by Convolutional Noises

In this section, the distortion of speech features caused by a convolutional noise is analyzed
from scratch. This analysis is similar to an argument given in [3], that the (linear-prediction)
cepstral mean subtraction leads to parameters that remain invariant in the presence of time-
invariant convolutional noise. An analysis, based on a vector Taylor series approach, of the
cepstral distortion due to additive noise and convolutional noise has been given in [63]. The
analysis given here is detailed, and special caution is taken in the operations of binning
and taking logarithms. As this analysis keeps track of the distortion in each domain, it is

valuable and informative in appraising a potential signal processing technique.
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In the presence of convolutional noise, recalling that a convolution in the time domain is
equivalent to a multiplication in the frequency domain, the power spectra of {z(t)}, {s(t)}

and {h(t)} are related by

Py[k] = P,[k|Pa[H], (3.9)

where P;[k] = |X[k]?|, with X[k] being the discrete Fourier transform of z[n]. Here the
subscript indicates the source that alone produces the corresponding term. Following (3.5),

the i-th cepstral coefficient of z is

J N-1
Culi] =) Gijlog, <Z ijPz[k]> ; (3.10)
=1 k=0

where Fj is the gain of the j-th mel-frequency filter at the k-th (Fourier) frequency. Note
that for each j, Fjj is zero for the majority of £’s. In general, C; and C, are not sim-
ply related in terms of h. However, if it is assumed that P, is flat within the passband
of each mel-frequency filter, then the summation inside the parenthesis in (3.10) can be

approximated by

N-1 N-1
FipPy[k] = Y FjpPo[k]Py[k]
k=0 k=0
N1 (3.11)
~ Pylk; Z FjiPs[k
k=0

where Py [k;] is a representative energy level of {h(t)} in the passband of filter j. Note that
this assumption does not rule out a possible large variation of P, among different bands of
mel-frequency filters, but only requires that within each band the variation be insignificant.
This assumption tends to be true in the passband of a well-designed transmission equipment
but is unlikely to be justifiable in the case of reverberation, since multiple paths/reflections

from source to receiver render the frequency response to have peaks and valleys [50].2

*In Aurora 2.0, the two types of convolutional noise [41] have smooth frequency response.
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With the approximation of (3.11), (3.10) can be simplified by

J

Coli] = Gijlog, (Ph[kj] z_: ijPs[k])
=1 k=0

J N—1
=Y. Gy (loge Pylkj) +log, | ) FixPs[H] )
~ Pt (3.12)
J
= Z G'U (loge Ph[kj] + loge Qs[]])
j=1
= B[] + Csi],

where By[i] £ Z;-le Gijlog,(Py[kj]). The noisy feature of C[0] can be similarly simplified
by
P
Cal0) = > \/; (log, Palk;] + log, Qs[s])
j=1 (3.13)
= By[0] + C5[0].
Therefore the difference between the i-th (0-th included) MFCC feature of the noisy and
the clean speech, Bp[i], does not depend on the speech {s(t)} but only on the noise {h(t)}.
Clearly, if the convolution is fixed, then the bias added to speech features is also constant
and thus removable. This conclusion supports the investigated method of mean subtraction
in Section 4.2.2.

On the other hand, the distorted log energy feature of ¢ becomes

N—-1 1 N-1
e~ g, (Xt ., 3 i
k=0

n=0

1 N—-1
= ]oge N +10ge (Z Ps[k]Ph[k]> )

k=0

(3.14)

3

where Parseval’s theorem® is applied and “~” indicates possible approximations due to

techniques such as pre-emphasis and non-rectangular windows. In (3.14), the summation

3Parseval’s theorem: let X[k] be the discrete Fourier transform of z[n], then

" lalnl” =+ 37 1X[K)
n=0 k=0
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in the argument of logarithm is over the entire spectral range and P, cannot be pulled out

of the parenthesis. The bias,

(3.15)

o6 o, (SLLIDE

2k, Ps([K]

depends on both the noise {h(t)} and the speech {s(t)}.

3.3.2 Distortion by Additive Noises

Next, the distortion of the MFCCs and the log energy feature caused by additive noises
will be analyzed. The following argument may provide a perspective on the problem before
algebraic details. The MFCCs are Fourier coefficients of the log-mel spectral sequence. For
example, C[0] is the average of this sequence, and C[n] represents the amplitude of the
n-th harmonic in this sequence. These coefficients equivalently reflect the spectral shape
of a speech window. Difference in the formant positions, which represent peaks in the
spectrum and physically stem from the configuration of the articulatory system, between
different phonemes renders different patterns in the cepstral domain. When speech is mixed
with noises from random sources, the overall spectrum tends to be flattened, leading to a

shrinkage of the cepstral coefficients (except for C[0]).

In order to analyze the distortion of speech features in the presence of additive noises,

equation (3.1) is rewritten as

z(t;y) = s(t) +n(t;y) = s(t) + v no(t), (3.16)

where an additive noise is now written as n(t;y) £ v ng(t), with ng(t) summarizing the
characteristics of a given noise, apart from a noise level parameterized by 7. The following
analysis first deals with just the noise signal alone and then returns to the noisy speech

signal.
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The log mel-spectra of n(t;7) and ng(t) are related by

N-1
loge Qn(’y) []] = loge (Z ij . (’YQPno [k]))
k=0

N-1
3.17
= 2log, |y| + log, (Z ijPno[k]) (3.17)

k=0
= 2log, |’Y| + log, @n, [.7]’
where Q,,(,) and Qy, are the mel-frequency spectra of n(t;y) and no(t), respectively. Since

Ej Gij =0 Vi #0, it follows that

J
Cn(’y) ['L] = Z Gij(2 loge |’Y| + loge Qno [.7])
i=1 (3.18)

= Cplil, i=1...1,
where Ci,(,) and Cy, are the cepstra of n(t;y) and no(t), respectively. The zeroth cepstral

coefficients of ng and n, are related by

J

C’n('y) [0] = 2(2 log, || + log. Qn, [5])
j=1 (3.19)

= 2v2J log, || + Cr,[0],
so a change in the signal level shifts the value of C[0] by a level-dependent constant. For

the feature of log energy,

fn('y) = 2loge |7| + 57740’ (320)

which has a form similar to (3.19). Note that while the MFCC features (excluding C[0])
are invariant with respect to signal level, C[0] and £ are not. This justifies the common
practice of signal normalization which fixes the terms related to -y in (3.19) and (3.20).

For noisy speech as given in (3.16), the power spectrum is

Py [k] = |S[K]?| + 2|S[k]No[K]| + *| No[k]?| (3.21)
= Py[k] + 2|S[k]No[K]| + 7> Pr,[K],
where P, Ps, and P,, are respectively the power spectra of z(t;v),s(t) and ng(t). It
() 0

follows, as mel-binning is a linear operation, that

Qw('y) ] = Qs3] + 2vQu[5] + '72Qn0 7], (3.22)
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where @), @s, and Qpn, are respectively the power spectra of z(;7),s(t) and no(t), and
Q1]4] is defined by Q1[j] = ZkN:_Ol F;1|S[k]Nog[k]|. The distortion of the mel-spectrum con-
sists of the last two terms on the right-hand side of (3.22): a first-order term that is pro-
portional to v and depends on both the noise and the speech signal, and a second-order
term that is proportional to 42 and depends only on the noise. In the following sections, the
general condition in which no assumptions about noise level v are made will be considered
first. This is followed by analyses in the special cases of low noises (|y| < 1) and high
noises (|y| > 1) where distortion terms can be simplified through approximation. In par-
ticular, it will be shown that in high-noise cases, the distortion of cepstral features consists

of noise-dependent bias terms and a magnitude shrinkage (cf. equations (3.33) and (3.34)).

3.3.2.1 General Noise Level

In this section no assumptions are made about +, the noise level, in the analysis. For the

MFCCs it follows from (3.5) and (3.22) that

J
C:c('y) [Z] = Z Gij IOge Q:c('y) [.7]

J=1

J
=" Gijlog, (Qsli] + 2vQuli] + 7*@nol4))

j=1
J . .

OATIRRAN R E)

J ] .
Cs[‘l] + Z Gz’j log, <1 + 2 gi {'ﬁ + ,.),2 QQZO[EJ]])

= Csli] +(5Cw(,y)['i], 1=1,...,1,

where

J . .
oo (n8f] o B) o

=1
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is the distortion, which depends on both the speech s(¢) and the noise n(¢;7y). For C[0],

similar to (3.23), it can be shown that

J
0] = 2—21 \/g log, Q ()] (3.25)

=Cs [O] + 50&6(7) [0],

where

A o Ql[]] QQno[j]
B g\fl o (140 @R G ) (3:26)

For the log energy &, the corrupted feature value is

N—-1
§$(7) = log, [Z (S(TL) + ’7”0(”))2]

n=0

N—-1
= log, [Z (s(n)? + 2yno(n)s(n )+’72n0(”)2)]

( ) (3.27)
= loge
>

+ log, (1 + 27

=&+ 6535(7)

with distortion

En nO(n)SZ(n) QEn no(n)Q) . (328)

+7
2 8(n) 2ns(n)?
It is seen from (3.24), (3.26) and (3.28) that the distortion caused by a general additive

55.16(’)’) £ loge (1 + 2'7

noise depends on the speech (s), the noise type (ng), and the noise level (7). Therefore, it
is difficult to design a general scheme to process the corrupted features of the noisy signals
to be close to those of the clean speech signals.

If information about the noise ng can be obtained, such as in the case where both
clean and noisy samples of the same utterance are available, then it is possible to design
linear or non-linear mappings between clean and noisy signals and use such a relationship
in processing. However, such an approach will not be effective in mismatched conditions.

Furthermore, such an approach can be expensive, in terms both of data acquisition and
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achieving desired model accuracy. This is quite contrary to the investigated technique
in this thesis, which attempts to achieve noise-robustness without this ineffectiveness or

expense.

3.3.2.2 Low Additive Noises

With |y| < 1, the second-order term in the distortion of MFCC in (3.24) can be neglected

and the distortion can be approximated by

T )

j=1

1[4] (3.29)
Z ”st
= 27061[7;]7 1= 1a aIa

where C,1[i] £ Y7 ; Gyj SIH and log,(1 + z) = = when |z| < 1. Similarly, the distortion

of C[0] in (3.26) becomes

5Cay) Z\[ log, <1+2 QlH) 530

~ 2’)’061 [0],

}

where C,1[0] £ 327 i1 % The distortion of the log energy feature in (3.28) can also

be approximated by

884 ~ log, (1 + 27—2%202?71;5”))

2 M0(n)s(n)

~ 2y 3.31
L (31
= 2ye~ & Z ng(n)s(n)
n
since m = ¢~ loge (2050 5(m)?) = e %, y2 ~ 0, and log,(1 + z) ~ x. Being proportional

to e~%s, the bias 0&4(y) is small when the speech energy is high. This is a desired property
and is the reason that the log energy feature works better than C[0] if no enhancement

or feature processing schemes are adopted. This point is verified in the experiments by
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comparing the results of using respectively C[0] and £ as the enhancing component for the

MFCC features when the noise is relatively low (cf. Section 6.1.3.1).
3.83.2.8 High Additive Noises
With |y| > 1, (3.22) can be approximated by
Qu() 7] = 7*(Qol5] + Ql[J]) (3.32)
Therefore, the MFCCs are approximately
Z%m(QwHQMQ

2
S (a1 8))
2 G

(3.33)
] )
~ Gz 210 e +10 e n
]Zl j ( 8e 17l +108e Qnoli] + 5 =15
2
= Cpoli] + =Ce2li], i =1,...,1,
v
where Cgyli] = Z}']:1 Gij%- For C[0],
[02[%(%%@@)
(3.34)
~ 2V2Jlog, || + Cno[0] + ;CeQ[O]a
where Cyo[0] 2 327 i1 QILE]] The cepstrum is mainly determined by the noise ny(t), and

the contribution from speech signal s(t) is inversely proportional to v through the term of
Cea. The distortion in the cepstral features is not merely a bias term. That is, although one
can apply mean subtraction to eliminate Cp,[i] (and 2v/2J log, |y|) in equations (3.33) and
(3.34), the remaining term is different from that of clean speech, due to the scale change of

~~! and the fact that C,y is different from Cj.
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The approximation is different for the log energy,

[N—-1

(]

€a(y) = log, (s(n) + Wno(n))Ql

3
Il
o

=

~ log, (2yno(n)s(n) + ’)’2”0(”")2)]

n=0

e 12 (S 2 23, no(n)s(n) (3.35)
= log, i (Z of ))(1+7 S no(n)? )]

n=0

2> np(n)s(n)
~ 21 Z4m PV
0ge [V + &no + 7 S no(n)?

2 _
= 2loge |’7| + gno + ;6 o Zno(n)s(n),
n

where &, is the log energy of ng(t). The only term in (3.35) that contains information about
speech is the last one, while the two previous terms can be removed by mean subtraction.

The difference between this term and the clean speech feature is

log, (Z s[n]2> — %e‘fno Zno(n)s(n)

n

>, sn]?
-1 =
e (e%e‘fnﬂ Snno(n)sn) |

which is, however, difficult to untwine.

(3.36)

Therefore, additive noise does not contribute a simple bias that depends solely on the
noise characteristics. Instead, the distortion is jointly determined by both the speech and
the noise in complicated ways. In the low-noise case, the distortion is small and it is shown
that the log energy is less susceptible to such additive noise than is C[0]. In high-noise cases,
after removing the terms from noise signals, the variance normalization can be applied to

counter the effect of diminished feature magnitudes.
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Chapter 4

MVA FEATURE PROCESSING: DEFINITION AND ANALYSIS

Based on the distortion of the MFCC features in the presence of additive and convolu-
tional noises as analyzed in the previous chapter, a feature processing technique consisting
of mean subtraction, variance normalization, and ARMA (Auto-Regression and Moving-
Average) filtering in the cepstral domain for noise-robust feature extraction is proposed.
This technique is named MVA processing. In this chapter, the MVA processing is defined.
Its effect is first illustrated by an example, followed by an analysis of MVA-processed MFCC

features in the presence of additive and convolutional noises.

4.1 Definition of MVA
Let C(") be the raw feature vector at frame 7.! Mean subtraction (MS) is defined by
c =c —y, (4.1)

where C is the mean-subtracted feature and y is a mean vector estimated from data. Vari-

ance normalization (VN) is defined by
C[d] = (1)) /2C]d], (4.2)

where C is the mean-subtracted and variance-normalized feature and o?[d] is an estimate

of the variance of the dth feature component. ARMA filtering is defined by?

&) — Clr—m) ... 00D L 00 4.4 Ortm)
2m + 1 ’

(4.3)

"Here the superscript (7) is back as we are considering a time sequence.

*Note that here the coefficients in the AR and MA parts are the same and they sum to one. In general,
the coefficients of an ARMA filter need not satisfy these constraints and can be any numbers. In other
words, equation (4.3) is a special case.
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2(t) C
FE M VvV A BE

Figure 4.1: Block diagram of MVA feature processing technique. z(t): speech waveform;
FE: feature extraction; M: mean subtraction; V: variance normalization; A: ARMA filter;
BE: back end; W*: recognized text.

where C is the MVA processed feature and m is the order of the ARMA filter. The special

case of m = 0 degenerates to no filtering.

2 can be implemented in a number of

The estimation of the mean p and the variance o
different schemes. In a per-side estimation, these quantities are estimated by all the data
in a conversation side [16]. Such an estimation can be quite robust if the communicating
channel and background noise are stationary. In an on-line estimation [5], these quantities
are estimated from only the samples currently available and do not depend on future ob-

servations. Such a scheme has low latency and is indispensable for real-time applications.

Between these two extremes, a per-utterance estimation [3] is defined by

L ()
=S¢, (4.4)
m TTZ_:I
and
1 T
o’[d] = T > (CDd] - pld])?, (4.5)
T=1

where T is the number of frames in a given utterance.

A block diagram of the technique is depicted in Figure 4.1. Note that MVA feature

processing is the same for every feature sequence in every utterance and is not trained for

specific data. In other words, it is not tuned to particular types of noises.3

3This is an example of the principle of Occam’s Razor, that one should not make more than the min-
imum assumption for a given problem. Tuning a method to specific types of noises amounts to making
assumptions about the noise property, with the result that the method becomes inappropriate to different
types of noise.



42

4.2 Analysis on MVA with Noisy Speech Features

The distortion of the MFCCs and the log energy feature under additive and convolutional
noises has been derived in Section 3.3. In the present section, the focus is on how MVA can
counter such distortion. First, an illuminating example is given to demonstrate the issues
with the raw features in noisy environments and to show how such issues are substantially
alleviated by MVA feature processing. This is followed by a further analysis on MVA-

processed features in the presence of noise.

4.2.1 An Ezample

In Figure 4.2, the time sequences of C[0], C[1] and the log energy are plotted for the speech
signals of the utterance of digit string 5376869 corrupted by different levels of additive
subway noise (from the Aurora 2.0 database). Apparently, in this case the effect of the
noise on the raw features (left column) is to change the level of the time sequences and
to reduce the temporal variation. In contrast, this effect is largely eliminated with the
MVA feature processing (right column). Specifically, one can see that MS and VN combine
to bring the time sequences in different noise levels to the same relative level (via MS)
and scale (via VN). After MS and VN, the feature time sequences in noisy speech show
spurious spikes relative to the time sequences of clean speech, so applying the ARMA filter
can smooth the sequences. While there is a risk in using visual inspection to deduce a

processing methodology, MVA proves to be remarkably beneficial on system performance.*

4.2.2  Convolutional Noise and Mean Subtraction

In the presence of convolutional noise, it has been established in (3.12) and (3.13) that for
the MFCCs the distortion is a bias independent of the speech. If the noise is stationary, e.g.,
when the acoustic environment is fixed, then it follows from (4.1), (4.4), (3.12) and (3.13)

4Results will be presented in Chapter 6.
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Figure 4.2: The time sequences of the cepstral coefficient C[1] (top box), C[0] (middle box),
and log energy (bottom box), for the digit string 5376869 in clean condition (first row), 20
dB SNR (second row), 10 dB SNR (third row), 0 dB SNR (fourth row), and —5 dB SNR
(last row), without feature processing (left column), with MS and VN (middle column), and
with MVA feature processing (right column). The order of the ARMA filter used in this
example is m = 2.



44

that for the MFCCs,
O{7l] = O] — o]
= COli) + Bli) = (psli] + Byli])
= Ol — pusli]
=CM[), i=0,1,...,1I.
That is, the mean-subtracted MFCCs are invariant in the presence of a stationary con-
volutional noise. With the per-utterance scheme, if the corrupting convolutional noise is
stationary and spectrally smooth within the duration of the utterance, then MS is expected
to work well, as features extracted from z(¢) are the same as those from s(t).
On the other hand, as noted in (3.15), the bias of the log energy feature caused by a
convolutional noise depends on both the noise {h(t)} and the speech {s(t)}. Even if the
noisy is stationary, the bias changes with the acoustics of speech. Therefore, MS is not

expected to be effective.

4.2.8 Additive Noise and Variance Normalization

In the situation of high additive noises, one can see from (3.33) and (3.34) that the distortion
in the cepstral features is not merely a bias term. Therefore, even after applying the MS to
eliminate Cy,[i] in equations (3.33) and (3.34), the remaining term %Ceg[’i] is not the same
as that of the clean speech, due to a scale proportional to v~ ! and due to the fact that Ceo
is different from Cs. Further application of VN can mend the first mismatch (scale) but
not the second (Ceo # Cs). Note that if VN is applied alone, Cp,[i] is not eliminated, so
the processed features are not close to those from clean speech, and the performance is not
expected to improve. Similar arguments apply to the log energy feature, as the distortion
terms are similar. In summary, combining MS and VN can only partially counter the effects

of high-level additive noises.

4.2.4 ARMA Filtering

Human speech is anatomically constrained. Essentially, the vocal tract system cannot

change its configuration arbitrarily quickly. It has been argued and demonstrated that
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crucial information in human speech is contained in the low-frequency® part of temporal
envelope of speech spectrum [72] or spectral modulation [37, 42]. Therefore, as MFCC ob-
viously conveys speech information, the low-frequency parts of the MFCC time sequences
are more important than the high-frequency parts.

To illustrate, an example is given in Figure 4.4. Here the log-scale magnitudes of the
discrete Fourier transforms of the MFCC and log energy feature time sequences are plotted.
Note that here the Nyquist frequency is 50 Hz, as there are 100 frames per second. From
this figure, one can see that for the raw features, an increase in the noise level leads to a
downward shift in the magnitude and a flatness in the shape of the spectrum. The MV
features (i.e., features processed by mean subtraction and variance normalization) are able
to counter the effect of downward shift, but this does not help the flatness issue. The
MVA features, due to the emphasis in the low-frequency part and de-emphasis in the high-
frequency part of the ARMA filter, are able to make the overall frequency plots of clean and
noisy samples quite similar. The frequency response of the investigated second-order ARMA
filter is shown in Figure 4.3. To be more quantitative, the Euclidean distances between clean
and noisy spectral plots are calculated. These numbers are summarized in Table 4.1. One
can see that for each feature, the Fuclidean distance between a given noisy sample and the
corresponding clean sample increases as the noise level increases (from 20 dB to —5 dB).
One can also see that MV features significantly reduce the Fuclidean distance relative to
the raw features between a noisy sample and the corresponding clean sample. Finally, one
can see that the application of ARMA filter further reduces the Euclidean distances. Note
that Euclidean distance, while promising, does not necessarily transform into word error
rate. Nonetheless, in the experiments shown in this thesis, additional ARMA filtering does

lead to performance gain, as will be shown in Section 6.1.3.

®Note that here “low-frequency” does not mean the low physical frequency in the spectrum, but the low
modulation frequency in the time sequence of spectrum.
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Figure 4.3: The frequency response of a second-order ARMA filter. Note that for this filter
the gain in the low-frequency part is much higher than the gain in the high-frequency part.
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Figure 4.4: The frequency-domain plots of the time sequences of C[1] (top box), C[0] (middle
box), and log energy (bottom box), for the digit string 5376869 in clean condition (first row)
20 dB SNR (second row), 10 dB SNR (third row), 0 dB SNR (fourth row), and —5 dB SNR
(last row), without feature processing (left column), with MS and VN (middle column) and
with MVA feature processing (right column). The x-axis is the frequency axis, ranging from
0 to 50 Hz (Nyquist frequency). The y-axis is the magnitude of spectrum in log scale. The
order of the ARMA filter used here is m = 2. Note that these are the same examples as in
Figure 4.2.
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Table 4.1: The Euclidean distances in the frequency domain between the clean sample and
the noisy samples. For example, the number 919 in position (RAW C[1], 20 dB) is the
Euclidean distance between the C[1] features (without any feature processing) of clean and
20 dB samples. Here the distance is defined to be [N (X (fi) — Xa(£i))?]'/2, where f; is
the 4-th discrete frequency, and X;(f;) and Xa(f;) are the spectrum at f; for the clean and
noisy examples respectively. Note that here the original magnitude is used instead of the
log scale in calculating the distance, unlike in Figure 4.4.

20dB | 10dB | 0dB | —5 dB
RAW C[1] | 919 | 1339 | 1890 | 1922
MV C[1] 83| 128 | 176 213
MVA C[1] 71| 110 | 147 171
RAW C[0] | 3116 | 4669 | 6219 | 7014
MV C[o] 69 | 142 | 161 219
MVA C]0] 61| 132| 148 210
RAW ¢ 842 | 1278 | 1685 | 1918
MV ¢ 74| 137 | 151 202
MVA ¢ 67 | 127 | 141 194
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Chapter 5

DYNAMIC-BAYESIAN-NETWORK ASR SYSTEMS

In the previous chapter, the MVA technique in the front end of an ASR system is defined
and analyzed. In this chapter, a different technique in the back end towards noise-robustness
is introduced. This technique is essentially an extension of the basic HMM framework.
Specifically, ASR systems with multiple feature streams and novel feature-selection schemes

will be described.

5.1 Introduction

In a vanilla ASR system, often the front end creates a stream of feature vectors such as
the MFCCs or the LPCs, and the back end embeds an acoustic model such as an HMM
and a language model such as n-gram. While such simple systems can achieve satisfactory
accuracies on ASR tasks with small vocabulary and clean speech, the performance degrades
rapidly when the vocabulary sizes increase or when the acoustic environments become noisy
or mismatched.

To stay with the framework of HMM and to cope with the challenges posed by a large
vocabulary or diverse acoustic conditions, ingenious ideas have been invented to keep perfor-
mance level of a state-of-the-art ASR system in pace with the task difficulties. For example,
parameter tying for robust estimation and model adaptation to re-estimate model parame-
ters to better fit the test/train data [32, 2] have helped to keep the acoustic model of HMM
from being too simple to be adequate.

The popularity of HMMs in the ASR research community is also sustained with funda-
mental considerations universal to specific models. First, the decoding criteria of minimizing
sentence error rate is challenged as the performances are often measured by word error rate.

Combining multiple recognition hypotheses to directly minimize word error rate has been
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implemented and has achieved significant improvements [61]. Second, it can be argued
that different speech features unveil different facets of the information conveyed in speech
waveforms, so their combination is potentially beneficial. For example, a system combining
probabilistically the outputs from trained neural networks for two different features has

resulted in performance gains in noisy environments [26].

It has been argued that HMMs have enormous modeling capacity in the sense that, with
unlimited training data, the HMM framework is capable of modeling any random sequences
of random observations by increasing the number of parameters infinitely [7]. In practice,
however, both the data and computational resources (time and memory) are often quite
limited. To best use the scarce resources to build up and train an ASR system, one might

consider modeling the speech outside the domain of HMMs.

Using more refined models for speech to extend the basic HMM is an on-going trend.
To begin, the multi-stream HMM [15] and factorial HMM ([35, 57] stay in the frame-
work of HMM while considering multiple feature streams and the detailed structures of
the “meta-state” variables. Beyond HMM, the early research on the autoregressive HMM
(AR-HMM) [47] and the recently proposed idea of the buried Markov models (BMM) [11]
are exemplary works. Recently [82], a multi-stream asynchronous model with multiple state
variables, each correlating to its neighbor, has been proposed. Note that these techniques
can all be described in the language of graphical models, that (dependency) edges between

variables are added to the simple HMM graph.

Methods of combining multiple feature streams are investigated in this chapter. Here,
the combinations are implemented as distinct graphical models. The motivation is two-fold:
(1) to exploit features that work well for various acoustic environments and (2) to investigate
different models for the recognizer. The method is different from the aforementioned works
in that it adds not only edges but also nodes to the graphical models of HMMs. The new
nodes are in fact a sequence of nodes called the feature selectors, and the new edges are
between the feature selectors and their adjacent nodes. These will be described in greater

detail later in the appropriate contexts.
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5.2 Investigated Multiple-stream ASR Systems

As different speech features convey different shades of information in the speech samples,
an ASR system integrating multiple features has the potential to outperform other systems
using single feature streams. In this work, the proposed ASR system has multiple feature
streams, with an additional feature selector stream to dynamically select a feature according
to certain rules. To illustrate, suppose that feature A is good for noisy environments and
feature B is good for the clean environment. With the help of a noise level estimator, the
system can select feature A when noise is high and use feature B otherwise. Thus, better

performance than using feature A or feature B alone can be achieved.

5.2.1 Multiple Feature Streams

For clarity, the terminology will be defined first. A feature stream is a continuous sequence
of feature vectors. A uni-stream (ASR) system uses a single feature stream. A multi-stream
system uses multiple feature streams. A component feature stream is one of the feature
streams in a multi-stream system. A component feature is a feature vector in a component
feature stream. The entire feature refers to all component features. In this thesis, a dual-
stream system with two component feature streams is considered. It should not be difficult
to incorporate a novel component feature suited for a particular acoustic environment into
a multi-stream system. Such integration can be realized by either increasing the number
of component features or replacing one component feature with the new feature, and then

modifying the speech model accordingly.

5.2.2 Dynamic Bayesian Networks and Graphical Models

A graphical model (GM) [53, 68] represents a collection of random variables as a graph,
in which the nodes represent random variables and the edges represent the dependency
relation between the random variables. Many aspects of ASR can be depicted as GMs [12].
Such representation has at least two advantages: 1) conditional independence relations can
be read off the graph according to a handful of rules [68], and 2) inference algorithms are

generally available for training and decoding. A Bayesian network (BN) is a directed graph



52

Figure 5.1: The scopes of HMMs, DBNs, BNs and GMs. One can see that GM represents
the largest while HMM is the most limited in the these classes.

with no directed cycles. In a dynamic Bayesian network (DBN) [23], all edges point to
the same direction of time to avoid directed cycles. For instance, HMM is a class of DBN.
Altering a graph amounts to modifying the model it represents. For example, starting from
an HMM graph, edges can be added to change the model to be a BMM, which is an instance
of a DBN.

5.2.8 Feature Selector and New Models

The introduction of feature selectors (henceforth denoted by R) in the speech model is new.
These random variables are used to choose one component feature from the entire feature
observation to score a given frame. The value of this random variable can be determined
by a noise estimator and is therefore observed.! In Figure 5.2, a baseline HMM graph and

the proposed observed feature selector graph are depicted.?

5.3 Implementation Specification

5.3.1 Component Feature Streams

The choice of component features is crucial in a multi-stream system. The bottom line

imperative is to choose component features such that each is appropriate for at least one

! Alternatively, it can be assumed to be dependent on certain hidden nodes and is therefore hidden.

®Note that these are the training graphs. The corresponding decoding graphs have no Skip-Silences and
Word-Counters and have edges between adjacent Words representing a bigram language model.
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Proposed system with feature selectors

Figure 5.2: Graphical models of DBN. The top graph is the baseline HMM, while the bottom
graph is the system with feature selectors. Discrete variables are represented by rectangles
and continuous variables are represented by circles. A hidden variable is shown with a
dashed boundary, while an observed variable has a solid boundary. The meaning of the
variables are: SS = Skip-Silence, WC = Word-Counter, W = Word, WP = Word-Position,
S = State, R = feature selector, O; = observation feature 1, Oy = observation feature 2,
ST = State-Transition, WT = Word-Transition, E.O.U. = End-Of-Utterance.
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environment. Since this thesis deals with noise-robustness, one of the component features
has to be robust to noise. In this regard, the MFCC features processed by MVA processing
(referred to as MVA features) have been chosen, to be used in noisy environment. They
have been shown to be very robust to noise with Aurora 2.0/3.0 tasks [17, 18]. The other
component feature should complement the component feature of MVA and it will be used
in a clean environment. Although MFCC features work fine in clean environments, they are
not used in the proposed dual-stream system. This is because not every speech window can
be clearly classified as clean or noisy. That is, some windows may be “slightly” noisy either
because the noise level is low or because they span across noisy/clean segments of speech.
These are exactly those which are prone to errors had the raw features been chosen. To
accommodate such cases, the MV features are included instead. Thus the entire feature is

composed of the MVA and MV features.

5.8.2 GMTK-based ASR Systems

The multi-stream ASR systems are implemented with the graphical model toolkit (GMTK)
[8]. An outline of GMTK-based ASR systems is given in Figure 5.3. Dependency structures
are stored in model structure files where a random variable is described as being hidden
or observed, discrete or continuous, and by specifying its parents and the corresponding
conditional probability table or parametric distribution. The training data set is used to
train the model parameters, and the model is used to decode test data. An example of an
HMM-based ASR system implemented with GMTK is described in [8].

The proposed system requires a little technical detail. When a component feature is
chosen by the feature selector R, the non-chosen component feature needs to be ignored.
In GMTK this is implemented as follows. A function named unityScore always returns 1
(or 0 in the log space) when it is called. Via a structure file, the system can be directed to
use the unityScore for a component feature observation whenever it is not selected. To be

more specific, the feature selector R acts as a switching parent?® to both O; and O, and

3 A switching parent of a random variable switches the probability distribution for the random variable. In
particular, the random variable can have different local dependent structures as the value of its switching
parents vary. Switching parents are different from conditional parents, which also affect the probability
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Figure 5.3: The GMTK systems. The major difference between this methodology and the
traditional (HTK) ones is the introduction of input structure files. Structure files provide
flexibility in implementing ASR systems when considering various speech models. The
training and decoding tools are part of the the graphical model toolkit.
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one of the acoustic scores of 01 and Oj is ignored using unityScore based on the value of
R. Thus the overall score of the entire feature observation in a given frame is from the
selected component feature only. To be very specific, when R is 0, O; is scored based on
the current state value while O is scored by unityScore. When R is 1, O is scored based
on the current state value while O; is scored by unityScore. By definition, R is a switching
parent of O1 (and O3), as its value determines the probability function used to score the

random variable O; (and Os).

5.3.8 Observed Feature Selectors

In the graphical model where the feature selectors are observed, the feature selector values
need to be predetermined. These values can be decided by estimating the noise level of the

acoustic environment. Two distinct time scales for such estimations are considered:

1. utterance-level estimation: In this case, a unique value is assigned to a given

utterance. Equivalently, all frames of a given utterance are assigned the same value.

2. frame-level estimation: In this case, there is no unique value assigned to a given
utterance. Equivalently, frames of a given utterance are assigned different values in

general.

Note that the idea of frame-level environmental estimation makes practical sense only when
the environment is constantly changing during the utterance of speech. In other words, it
requires that the utterance is relatively long and the environment is relatively non-stationary.

In a system of two component features, the feature selection amounts to a binary clas-
sification. Two approaches for classifying clean and noisy speech are investigated in this

work and will be described next.

5.8.8.1 Energy-based SNR Estimation

By comparing the waveforms of a pair of noisy and clean utterances, it is obvious that in

a silent segment of the clean speech, the corresponding segment in the noisy speech has

distribution but do not change the local dependency structures.
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a significant noise level. Such a difference can be exploited to estimate the noise level as
follows.

Consider the case of additive noise corruption,
2 (t) = s (t) + n((2), (5.1)

where z(7) (t) is the t-th sample of the 7-th speech processing window. Summing over all

samples of the 7-th window, one gets

N 2 N 2 N 2
> D) &Y s + ) a7 (), (5.2)
t=1 t=1 t=1

where it is assumed that s(¢) and n(¢) are uncorrelated, so Zé\il s(t)n(t) = 0 for large N.

If n(t) is stationary, so that E{Zt]\il n(T)Q(t)} is independent of 7, then

N N
3 n2() ~min 3 o (0). (5.3)
t=1 =

In (5.3), the minimum occurs at a window contained in a non-speech segment, where the
signal is dominated by the noise component. Therefore, the noise energy level can be
approximated by the minimum of noisy speech energy in a given utterance.*

Summarizing the previous ideas, the basic steps for energy-based SNR estimation are:

Extract the log energy features (as defined in (3.8)), {¢(7), 7 =1...T}.

Find the minimum value of the log energy feature streams &, 2 min, £(7), which is

an estimate of the log energy of the noise.

For the frame-level estimate, compute the SNR for frame 7 from &, and & (7).

For the utterance-level estimate, use the maximum value &3; £ max, £(7) of an utter-

ance.

4This method is more accurate with high SNR signal than low SNR signal. In low SNR case, the speech
signal is essentially negligible and the minimum of signal energy tends to be an underestimate of the noise
energy level.
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Specifically, the SNR is related to the log energy by

N ()2
SNR = 10logy, w
i nA(t)
S ™) = SN n?()
it (0) (5.4)
€7 _ obm
ebm

— 101og,, (e(i(T)*ﬁm)) (1 _ ef(s“)fsm)) ,

~ 10log;q

=10 logm

Using the identity®
2

log(l—t) = —(t+—+ — +...
og(l —1t) (t+ 5 + 3 +...),
and let ¢ = e~ €7 =&n)_ it follows that
SNR =~ 4.343 (£ — &,,) — 6, (5.5)
where
2?3
0=4343 (t+ 5+ +.-.) (5.6)

Therefore the SNR estimator varies approximately linearly with the log energy, apart from

the deviation term ¢ defined in (5.6). Based on (5.4), a linear relation can be assumed,

~

¢=f(x)=ax+b, (5.7)

where f is the estimated SNR value in dB, x is the dynamic range of the ¢ (log energy)
sequence, and a and b are the parameters to be learned from training data.

To test the viability of this scheme, speech data from the utterance “5376869” corrupted
by the subway noise from the Aurora 2.0 [41] database are processed according to the above
scheme and the results are summarized in Table 5.1. From these numbers, one can fit
an optimal linear relation between ( (SNR) and x (dynamic range of log energy), with
parameters (a,b) = (4.94, —18.34) (for the utterance-level estimation). The discrepancy
between the linear model C:“ and the target value ( is minute, as shown in Figure 5.4. Also
note that the slope a = 4.94 is close to the theoretical value 4.343 given in (5.4) in ideal
approximation. The advantage of the data-driven method is that it automatically handles

the approximation and deviation.

STaylor expansion of log(1 —t) at to = 0.
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Table 5.1: Using the range () of the log energy to fit utterance-level SNR values for one
utterance corrupted by various levels of additive noises in Aurora 2.0. Here ( is the target
value and ( is the linearly predicted value.

Figure 5.4:

clean | 20 dB | 10dB | 0dB | —5 dB

min | 5.00 | 11.38 | 13.32 | 15.80 | 16.85
max | 19.12 | 19.12 | 19.12 | 19.29 | 19.71
x| 1412 | 774 | 580 | 3.49| 286
¢| inf 20 10 0 5
¢ 5141 | 19.90 | 10.31 | -1.10 | -4.21

Fitting SNR (in dB) values to the range of log energy.

range
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Table 5.2: Statistics of energy-based utterance-level environmental estimation. The numbers
of noisy /clean frames are listed in the table.

Test Set A | Test Set B | Test Set C
clean | 0/702k 0/702k 0/351k
20 dB | 100/702k | 212/702k | 11k/340k
15 dB | 222k/481k | 160k/542k | 161k/190k
10 dB | 659k/44k | 541k/162k | 318k/33k
5 dB 702k /0 689k /13k 347k /4k
0 dB 702k /0 700k /2k 351k /0
-5 dB 702k/0 701k/1k 351k/0

The same parameters have been used on the entire test data of Aurora 2.0. Numbers
of frames labeled as 0/1 (noisy/clean) with utterance-level estimation based on a 10-dB
threshold are summarized in Table 5.2. The proposed scheme works quite well for utterance-
level SNR estimation. In particular, 100% clean data are labeled clean and 99.9% very
noisy (—5 dB) data are labeled noisy. Note that there is a “grey-zone” with the medium
(particularly 15 dB and 10 dB) noise levels, in the sense that the classification can go one
way or the other. It is clear from this table that the energy-based environmental estimator

works reasonably well.

5.3.3.2 Entropy-based SNR Estimation

As an information-bearing signal, human speech has spectral shapes and temporal patterns
different from those of random noises. This distinct property of speech in contrast to random
noises has been utilized in automatic end-pointing and speech/non-speech detection [73, 43,
1]. Here this property is used as a cue for noise/clean classification.

From elementary information theory [20], the entropy of a discrete random variable Z
with a probability mass function {p; £ Pr(Z = z) | i = 1...|Z|} is given by

17

H(Z) £ —pilogp;,
im1

(5.8)
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where |Z] is the cardinality of the support of Z. The entropy quantifies the disorder in the
sense that the less uniform the distribution p;, the lower the entropy H(Z).
The spectral entropy used here is computed as follows: For a given speech window, the

power spectrum is converted to a probability mass function by

N

1 ) .
P = E]()g(l-I—P[z]), 7,:0...5, (5.9)

where P[] is the power of the ith discrete frequency and € is a normalization constant given
by
€2 log(l + PJi)). (5.10)
i=0
The entropy of this probability mass function is computed and then normalized by a factor
of log(% + 1) so that the resultant value is between 0.0 and 1.0.

Plots of the spectral entropy of clean and noisy speech samples are given in Figure 5.5. It
can be seen that the mean of the entropy of clean speech is lower than that of noisy speech, as
expected. More interestingly, the dispersion of entropy across clean speech frames is larger
than that across noisy speech frames. An immediate thought is to exploit this temporal
information to classify noisy and clean speech. To verify this idea, the mean and variance
of the spectral entropy in a context window of one second surrounding a given frame is
computed. The results are plotted in Figure 5.6. In this plot, one can see that although
clean and noisy samples are not perfectly separated, the overlap is small.

Based on these findings, an environmental condition estimator, which will be used in
the experiments in Section 6.3, can be implemented with the novel feature space of the
mean and variance of frame-level spectral entropy in a context window. An unsupervised
clustering algorithm based on the Euclidean distance is used to cluster the training data
into two clusters, one for the clean data and one for the noisy data. Once the cluster points
are computed, the test data are classified by the label of the nearest cluster point. These
labels are exactly the environmental estimates. Note that this method does not depend on
estimating SNR and applying a specific threshold.

A summary of cluster points using the data sets from the four languages of Aurora

3.0 [64] are summarized in Figure 5.7. In order to ensure that a data set includes both
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Figure 5.5: The spectral entropy of clean and noisy speech samples. Here each point
represents a speech frame. The leftmost region is from clean speech examples (2 utterances).
The remaining regions are from noisy speech (20, 15, 10 and 5 dB respectively, 2 utterances
each condition). One can clearly see that the mean is lower and the variance is higher in
the clean speech than in the noisy speech.
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Figure 5.6: Mean-variance plot of the spectral entropy of clean and noisy speech sam-
ples. The context window used to calculate mean and variance is one second (100 frames).
The upper-left loose cloud corresponds to samples from clean speech while the lower-right
dense cloud corresponds to samples from noisy speech samples. In this plot, there are ap-
proximately 7000 points, with each point corresponding to a frame. Note that monotonic
transforms of the mean and variance are used in plotting this graph. One can see that the
clean and noisy samples fall into separate regions in this space.
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Figure 5.7: Cluster points in the feature space of the mean and variance of spectral entropy
using data sets of different languages from the Aurora 3.0 database. One can see that the
clean cluster points of different languages are quite close to each other, at the same time
separated from the noisy cluster points. That is, the representation of clean/noisy data in
this space is quite language-independent.

clean and noisy samples, the training data of well-matched tasks are used.® A significant
phenomenon is that the set of clean cluster points and the set of noisy cluster points are
well separated. Therefore such representation is quite language-independent and one may

exploit this fact to pool data from different languages during clustering.

6 Again, the well-matched training data consists of speech data of all conditions.
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Chapter 6

EXPERIMENTAL RESULTS

The experimental results of the proposed noise-robust schemes for ASR systems are
presented in this chapter. These experiments are divided into several sets: MVA on MFCC-
based feature sets (Section 6.1), MVA on different feature sets (Section 6.2), DBN-based

multi-stream systems (Section 6.3), and the Spine experiments (Section 6.5).

6.1 MYVA on the MFCCs

This section is organized as follows. The front-end configurations are defined in Section 6.1.1.
The back end is defined in Section 6.1.2. Experimental results are presented in Section 6.1.3.
First, the performances of different front-end MFCC configurations are compared in Sec-
tion 6.1.3.1. Then the best one is used in subsequent investigation of different aspects of
MVA. Specifically, the results of multi-domain processing are presented in Section 6.1.3.2,
the results of designed filters are presented in Section 6.1.3.3, the results of data-driven fil-
ters are presented in Section 6.1.3.4 and the results of the ARMA filters of different orders

are presented in Section 6.1.3.5.

6.1.1 Front-End Configurations

Four front-end configurations are evaluated in their combination with MVA. In Configura-
tion 1, MVA is applied on the static features of the log energy ¢ and the MFCCs of C[1]
to C[12]. The dynamic features (delta and delta-delta) are computed based on the MVA-
processed static features. Configuration 2 is different from Configuration 1 in that C[0]
replaces £&. The comparison between Configurations 1 and 2 is meant to verify the claim,
as given in Section 4.2.2, that MVA is more effective when being applied on C[0] than on &.

Configuration 3 is different from Configuration 2 in that MVA feature processing is applied
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Table 6.1: Four front-end configurations as the leaves of a decision tree. Q1: use £7 Q2:
apply MVA only to the static features? Q3: band-limit the spectrum?

Ql | Q2| Q3

Config. 1 | yes | yes | yes

Config. 2 | no | yes | yes
Config. 3 | no | no | yes

Config. 4 | no | no | no

to both the static and the dynamic features. The comparison between Configuration 2 and
3 tests whether it improves the performance to apply MVA on the dynamic features as well
as the static features. Configuration 4, which is used in [17], is different from Configuration
3 in that it does not apply a band-limiting filter to the spectrum, that it has more mel-
frequency filters, and that the mean subtraction is included in the configuration. The main

differences between these configurations are summarized in Table 6.1.

6.1.2 Back-End Configuration

A fixed back end is used throughout the experiments in this section. A word is modeled by a
whole-word HMM with 16 emitting states. Each of these emitting states has a 3-component
Gaussian mixture observation density. The silence model has 3 emitting states, each having
6 Gaussian components. The short-pause model has only one emitting state, which is tied
to the middle state of the silence model. This is the standard back-end configuration for

the Aurora 2.0 tasks [41].

6.1.3 Results

Note that the word accuracy rate is used in presenting the performance level, while the word
error rate is used in computing the relative performance improvement. This is standard for

Aurora evaluation.
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6.1.3.1 Comparison of Different Front-End Configurations

The first set of experiments is conducted to compare different front-end configurations
specified in Section 6.1.1. The results are presented in Table 6.2 for Aurora 2.0 and in

Table 6.3 for Aurora 3.0.

Table 6.2: Word Accuracies (as percentages) of Aurora 2.0 tasks with various configurations
(1, 2, 3 and 4) and various feature processings (RAW, MV and MVA). The back end is fixed,
with 39-dimensional feature vector, 16 states per word and 3 Gaussian components per state.
The results are evaluated on the clean speech, noisy speech with SNR ranging from 0 to 20
dB, and very noisy speech with —5 dB SNR. Top: multi-train tasks. Bottom: clean-train
tasks.

Aurora 2.0 multi-train

clean 0-20 dB -5 dB

RAW | MV | MVA | RAW | MV | MVA | RAW | MV | MVA
1 986 |979| 979 | 8.8 | 881 | 89.3 | 23.3 | 23.3 | 30.1
98.5 | 98.3 | 98.1 | 85.6 |90.3 | 91.0 | 24.2 | 35.0 | 394
98.5 | 98.6 | 985 | 8.4 |91.2 | 92.0 | 224 | 36.9 | 42.0
98.4 | 98.6 | 98.7 | 883 |91.0| 91.9 | 253 | 35.1 | 41.6

= W N

Aurora 2.0 clean-train

clean 0-20 dB —5dB

RAW | MV | MVA | RAW | MV | MVA | RAW | MV | MVA
11 99.0 {99.0] 99.0 | 60.0 | 70.0 | 75.2 8.8 (109 | 15.4
99.1 {99.1 | 99.1 | 579 | 744 | 78.8 8.1 | 12.8 | 18.9
99.0 | 99.1 | 99.2 | 52.7 | 784 | 83.6 5.8 [16.2 | 24.5
99.1 {99.2 | 99.0 | 65.1 | 79.0 | 83.8 | 11.5 | 14.5 | 21.6

=~ W N

It is extremely clear that the application of MVA results in substantial improvements for
noisy speech conditions in all inspected configurations, as one can see by comparing the RAW
and the MVA columns in the tables. An important point here is that such improvement is

dependent on the configuration. On Aurora 2.0, the relative improvement with 0 — 20 dB
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Table 6.3: Word accuracies (as percentages) of Aurora 3.0 tasks (with end-pointed data)
with various configurations (1, 2 and 3) and various feature processings (RAW, MV and
MVA). WM: Well-Matched task; MM: Medium-Mismatched task; HM: Highly-Mismatched
task.

German

WM MM HM

RAW | MV | MVA | RAW | MV | MVA | RAW | MV | MVA

1| 915 | 942 | 947 | 815 | 87.7| 87.0 | 74.1 | 86.8 | 88.4
2] 921 | 949 | 95.0 | 81.5 | 87.8 | 88.6 | 745 | 89.2 | 90.8
3] 91.2 | 948 | 95.3 | 79.9 | 87.8 | 88.3 | 71.2 | 88.3 | 90.3

Danish

WM MM HM

RAW | MV | MVA | RAW | MV | MVA | RAW | MV | MVA

1| 86.1 |90.0| 90.9 | 67.7 | 76.6 | 79.7 | 39.9 |57.2 | 67.3
2| 875 921 923 | 68.4 | 80.2 | 825 | 39.7 | 721 | 77.2
3| 845 915 922 | 63.3 | 79.7 | 80.5 | 323 | 714 | 76.9

Finnish

WM MM HM

RAW | MV | MVA | RAW | MV | MVA | RAW | MV | MVA

1917 | 935 | 948 | 79.8 | 854 | 88.0 | 364 | 485 | 63.8
2| 91.1 | 936 | 95.1 | 78.6 | 87.4 | 88.8 | 57.3 | 839 | 88.2
31 900 |91.9 | 946 | 72.0 | 8.4 | 87.6 | 49.0 | 80.6 | 89.5

Spanish

WM MM HM

RAW | MV | MVA | RAW | MV | MVA | RAW | MV | MVA

11931 {951 951 | 8.1 |90.1 | 91.6 | 52.8 | 79.3 | 82.7
2] 927 | 95.6 | 95.8 | 86.0 | 93.9 | 92.2 | 43.0 | 87.2 | 87.6
31 909 953 | 95.8 | 83.3 | 91.1 | 925 | 429 | 86.5 | 87.6
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test data using Configuration 3 is better than using Configuration 2 (45% vs. 38%), which
in turn is better than using Configuration 1 (25%) in the multi-train case. Similarly, the
relative improvements are 65%, 50% and 38% with Configurations 3, 2, and 1 respectively
in the clean-train case. As is analyzed and hypothesized, configuration 2 (with C[0] gives
better results than configuration 1 (using £). Notice that using more mel-frequency bins
and not band-limiting the spectrum does not lead to better performance, as revealed by the
comparison between Configurations 3 and 4. Here the band-limiting makes the mel bins
distribute over the specified band rather than over the entire band from zero to the Nyquist
frequency.

On Aurora 3.0, in all WM, MM, and HM tasks, a similar pattern of performance and
improvement persists with this real-world noisy speech database. Specifically, the overall
relative improvement changes from 35% to 44% with WM tasks, from 40% to 44% with MM
tasks and from 52% to 69% with HM tasks, when the front end changes from Configuration 1
to Configuration 2, i.e., from £ to C[0]. Noteworthy is the extremely big gain in performance
in the HM tasks, especially Finnish, with MVA on C[0].

In summary, the following points can be made:

e With noisy test data, MVA improves the performance significantly with very little

extra computational cost;

e With clean test data, MVA doesn’t hurt the performance when using C[0] (it does,

however, hurt a little in the multi-train case using ¢).
e The improvement increases as the noise level and/or the degree of mismatch increases.

e MVA combined with C[0] does lead to a better performance than with ¢, as theoreti-

cally predicted in Section 4.2.2.

e Comparing results of Configurations 2 and 3, one can see that for artificially corrupted
noisy database of Aurora 2.0, applying MVA on both dynamic and static features is
significantly better than applying MVA on static features alone. However, with the

real-world noisy database of Aurora 3.0, the results are not so conclusive.
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e Comparing results of the MV and MVA columns, one can see that ARMA filtering
does provide substantial performance gain for the 0—20 dB test data (91.2% vs. 92.0%

with multi-train; 78.4% vs. 83.6% with clean-train).

e Another interesting point is to compare the 0 — 20 dB results of the raw features
with Configuration 1 and Configuration 2 (85.8% vs 85.6% with multi-train; 60.0%
vs. 57.9% with clean-train). As is pointed out in Section 3.3.2.2, with low noise level

and without any processing, £ can outperform C[0], which is indeed the case here.

In Table 6.3, the relative improvements of MVA over MV are quite different with different
languages. In particular, Finnish has a greater gain than Danish, which in turn has a
greater gain than German and Spanish. Such difference can be attributed to several issues.
First, the collected data in different languages are corrupted by noise of different types
and levels, and as will be shown in section 6.1.3.2, the effect of post-processing is more
profound when the data is more corrupted. Another issue is the acoustic confusability of
different linguistic targets (digits) with each language. As explained in section 6.1.3.5, more

acoustical confusability leads to less improvement of ARMA filtering.

6.1.8.2 Results of Multi-Domain Processing

Temporal filtering techniques have been proposed in other domains as well, e.g., RASTA [39].
In order to better understand the merits of such processing in different domains, a general-
ization of MVA feature processing to a multi-domain processing scheme is investigated. Here
the processing can be applied in either the log mel-spectral domain or the cepstral domain.
Furthermore, MVA is decomposed into atomic MS, VN and ARMA modules and these
modules can be applied in several orders. Figure 6.1 depicts this multi-domain processing
system. Specifically, in each domain, the following enumerated processings are considered:
{

1 = N (no processing),

2 =M (MS),

3 =V (VN),
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Figure 6.1: Block diagram of multi-domain processing. Here log () is the log mel spectrum.
PPM represents the processing module that can be switched to one of the options specified
in Section 6.1.3.2. log () is the processed log ). DCT stands for discrete cosine transform,

and C is the cepstral coefficients after multi-domain processing are performed.

4 =A (ARMA),
5 = MV (MS followed by VN),
6 = MA (MS followed by ARMA),
7 =AM (ARMA followed by MS),
8 = AMV (ARMA followed by MS followed by VN),
9 = MVA (MS followed by VN followed by ARMA)
b
The results of Aurora 2.0 and Aurora 3.0 are presented in Figures 6.2-6.7. In these
figures, a multi-domain processing scheme is represented as the grid point (z,y), where z
indexes (as specified above) the processing in the log mel-spectral domain and y indexes the
processing in the cepstral domain.

The following conclusions can be drawn from these charts:

e VN alone degrades the performance relative to the baseline, as there is a dip at the
point (1, 3), representing no processing in the log mel-spectral domain and VN in the

cepstral domain. This has been pointed out in Section 3.3.2.3.

e For matched tasks, i.e., WM in Aurora 3.0 and multi-train in Aurora 2.0, variations
in performance with respect to different processings are smaller than mismatched
tasks. Such is not the case for mismatched tasks. This shows that the detail of signal

processing is more relevant with eccentric data than with regular data.

e Comparing (1,9) and (9,1), one can see that MVA in the cepstral domain is better
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than MVA in the log mel-spectral domain. Furthermore, the difference is bigger in
mis-matched tasks than in matched tasks. It is thus crucial to apply MVA in the
right domain in mismatched conditions. Note that the analysis in Chapter 4 considers

MVA in the cepstral domain rather than in the log mel-spectral domain.

6.1.3.3 Comparison with Designed Filters

In this section, finite impulse response (FIR) filters are designed to replace the ARMA
filter, in order to test whether there is an intrinsic advantage to the ARMA filter. These
FIR filters are constrained to have similar complexity as the ARMA filters. In addition,
they are designed to have the same normalized bandwidth, with passbands corresponding
to low-pass, band-pass or high-pass filters. Specifically, the following cases are considered.
{

1 = low-pass filter with passband [0.0, 0.6],

2 = high-pass filter with passband [0.4, 1.0],

3 = band-pass filter with passband [0.1, 0.7],

4 = band-pass filter with passband [0.2, 0.8],

5 = band-pass filter with passband [0.3, 0.9],

6 = RAW,
7 =MV,
8 = MVA

b

The results are presented in Figures 6.8-6.11. One can see that as the passband moves
from the lower frequency to the upper frequency, the performance systematically degrades,
confirming a common belief that important information of speech is in the lower frequency
part of the cepstral vector time sequence [37]. Overall, the ARMA filter is still better than
the best of the designed filters. Note that an ARMA filter can be implemented entirely in

place (i.e., no memory needs to be allocated for temporary filter output).:

!An algorithm of ARMA filter that processes a time sequence z, assumed to be stored in a data array
z[0]...z[n — 1], essentially updates the data array element from the 0-th to the (n — 1)-th. At each
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Aurora 2.0 multi-train tasks

clean test data

0 — 20 dB noisy test data

—5 dB test data

as percentages) of Aurora 2.0 multi-train tasks with MVA

(

processing in both log mel spectral and cepstral domains.

Figure 6.2: Word accuracies

The x-axis (going northwest-

southeast) represents processing in the log mel-spectral domain, while the y-axis (going
southwest-northeast) represents processing in the cepstral domain. The grid points on the

x and y axes correspond to the processings defined in Section 6.1.3.2.
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Aurora 2.0 clean-train tasks

clean test data

0 — 20 dB noisy test data

—5 dB test data
Figure 6.3: Word accuracies (as percentages) of Aurora 2.0 clean-train tasks with MVA

processing in both log mel spectral and cepstral domains.
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Aurora 3.0 German tasks

Well-Matched

Medium-Mismatched

Highly-Mismatched
Figure 6.4: Word accuracies (as percentages) for Aurora 3.0 German tasks with MVA

processing in both log mel spectral and cepstral domains.
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Aurora 3.0 Danish tasks

Well-Matched

Medium-Mismatched

Highly-Mismatched
Figure 6.5: Word accuracies (as percentages) for Aurora 3.0 Danish tasks with MVA pro-

cessing in both log mel spectral and cepstral domains.
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Aurora 3.0 Finnish tasks

Well-Matched

Medium-Mismatched

Highly-Mismatched

Figure 6.6: Word accuracies (as percentages) for Aurora 3.0 Finnish with MVA processing

in both log mel spectral and cepstral domains.
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Aurora 3.0 Spanish tasks

Well-Matched

Medium-Mismatched

Highly-Mismatched
Figure 6.7: Word accuracies (as percentages) for Aurora 3.0 Spanish tasks with MVA pro-

cessing in both log mel spectral and cepstral domains.
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Aurora 2.0 multi-train tasks

{

1 2 3

clean 0-20dB -5dB

Figure 6.8: Word accuracies (as percentages) of Aurora 2.0 multi-train tasks with the ARMA
filter replaced by various designed FIR filters. Group 1 is clean test data, group 2 is 0 — 20
dB test data, and group 3 is —5 dB test data. Within each group, the bars from left to
right correspond to the items defined in Section 6.1.3.3.

Aurora 2.0 clean-train tasks

Il

1 2 3

clean 0—-20dB -5 dB

Figure 6.9: Word accuracies (as percentages) of Aurora 2.0 clean-train tasks with the ARMA
filter replaced by various designed FIR filters. Same legend as in Figure 6.8.
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Aurora 3.0 German tasks

|

1 2 3

WM MM HM

Figure 6.10: Word accuracies (as percentages) for Aurora 3.0 German with the ARMA filter
replaced by various designed FIR filters. Group 1 is the WM task, group 2 is the MM task,
and group 3 is the HM task. Within each group, the bars from left to right correspond to
the items defined in Section 6.1.3.3.

Aurora 3.0 Danish tasks

L

1 3

WM MM HM

Figure 6.11: Word accuracies (as percentages) for Aurora 3.0 Danish with the ARMA filter
replaced by various designed FIR filters. Same legend as in Figure 6.8.
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6.1.8.4 Comparison with Data-Driven Filters

To further investigate the advantage of using the ARMA filter, a data-driven methodology
is used to design the filter. To keep the same complexity as the second-order ARMA filter, a
five-tap data-driven filter minimizing the squared error between the filtered noisy cepstrum
and the clean cepstrum is applied to the feature sequences after the feature processing of

MYV. Explicitly, the solution of the following minimization problem is sought,

U T, 2
HgnZZ (Xff) — (a; Y§T+i))) Li=—2,...,2, (6.1)

u=171=1 i

where a = {a;} is the set of filter coefficients, U is the number of utterance pairs, T, is
the number of frames in utterance u, and Xq(f) and Y@ET) are the feature vectors at frame
7 in the pair of utterances corresponding to the clean and the noisy environments. If the

following quantities are defined,

(1) 3 (7+1)
NUND IR DD, S 0 L
rxy (i) = S5 1 L i=—2,...,2 o
éZuZTYu(T)-Yu(TH) iz 0. 4

ryy (i)
Zu ZT 1
where rxy is the cross-correlation of X and Y and ryy is the auto-correlation of Y, then
the solution of (6.1) is

a=R1x XY, (63)
where R is the Toeplitz matrix formed from ryy. The optimal 5-tap non-causal FIR filter
thus found by the 8440 pairs of utterance of Aurora 2.0 training data is

a = {0.1090,0.1265, 0.4003,0.1667,0.0127}.

Interestingly, the frequency response of this filter bears a strong similarity to the second-
order ARMA filter, in that both are low pass filters and the main lobe of the frequency

response extends from 0 to about 0.6 in the normalized frequency. Indeed, the case in which

position, the stored value is updated by the sum of elements in a filtering window, weighted by the
filtering coefficients. This is in contrast to an FIR filter with the same number of coefficients, where a
filtered element can be saved to the data array only after it goes out of the process window; the latter
requires a temporary storage for processed output.
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Table 6.4: Word accuracies (as percentages) for Aurora 2.0 with data-driven minimum-
squared-error filter. DDT1 is the case where a single filter is derived and used for all
cepstral components, while DDT2 is the case where each cepstral coefficient has its own
filter. In other words, in DDT1 all components use the same filter, while in DDT2 different
components use different filters.

multi-train clean-train

clean | 0—20dB | —=5dB | clean | 0 —20dB | —5 dB

ARMA | 985 92.0 42.0 99.2 83.6 24.5
DDT1 98.5 91.9 40.6 99.1 83.3 23.7
DDT2 | 98.5 91.8 40.2 99.1 82.8 23.1

each feature component has its own filter is also investigated, and these component-wise
filters too have similar frequency responses. Experimental results with the data-driven filters
are summarized in Table 6.4. The result is that the simple ARMA filter still outperforms

the others.

6.1.3.5 Comparison of ARMA Orders

Also investigated is how the order of the ARMA filter, “m” in Equation (4.3), affects the
performance, as there is an inherent trade-off in choosing the order. That is, a small m
retains the short-term speech information but is vulnerable to noises, while a large m makes
the processed features robust to noise corruption, but the short-term speech information is
more likely to be lost. Intuitively, the most extreme cases of m = 0 or m > 1 will not have
the best performance with noisy speech data, suggesting that the optimal order is a small
positive integer.

The experimental results are summarized in Figures 6.12-6.17. From these figures, one
can see that other than the very noisy test data in Aurora 2.0 and HM tasks in Aurora 3.0,
the optimal ARMA order is a small integer. For the very noisy test data in Aurora 2.0 and
HM tasks in Aurora 3.0, the improvement when the order is incremented quickly decreases

beyond m = 2. It is thus verified that a small integer, m = 2, is a good choice for the order
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Aurora 2.0 multi-train tasks

1 2 3

clean 0—-20dB -5 dB

Figure 6.12: Word accuracies (as percentages) of Aurora 2.0 multi-train tasks with various
orders of the ARMA filter. Within each group, the bars from left to right correspond to
order 0,1, 2,3, 4 respectively.

of the ARMA filter.

Note that the performance ranking of different orders does depend on the tasks. When
the training/test data are highly mismatched (such as the HM tasks of Aurora 3.0 and clean
train task of Aurora 2.0) or when the test data is very noisy (such as the —5 dB SNR test
set), the higher-order ARMA filters tend to be more effective than the lower order ones.

6.2 MYVA on Other Features

The MVA processing on the MFCC-based front ends are intensively investigated in the
last section. In this section, the focus is shifted to MVA processing rather than MFCC.
In other words, to test the generality, MVA is blindly applied to distinctive feature sets,
including auditory-based MFCC, articulation-based LPC, and perception-based PLP. In
addition, feature sets derived from basic features such as RASTA, tandem, modulation-
filtered spectrogram, and modulation cross-correlagram are also investigated. The goal is

to find out characteristics of feature sets which do or do not combine well with the MVA
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Aurora 2.0 clean-train tasks

clean 0—-20dB -5 dB

Figure 6.13: Word accuracies (as percentages) of Aurora 2.0 clean-train tasks with various
orders of the ARMA filter. Same legend as in Figure 6.12.

Aurora 3.0 German tasks

100

1 2 3

WM MM HM

Figure 6.14: Word accuracies (as percentages) of Aurora 3.0 German tasks with various
orders of the ARMA filter. Group 1 is the WM task, group 2 is the MM task, and group
3 is the HM task. Within each group, the bars from left to right correspond to orders
0,1,2,3,4 respectively.
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Aurora 3.0 Danish tasks

100

95 - q

WM MM HM

Figure 6.15: Word accuracies (as percentages) of Aurora 3.0 Danish tasks with various
orders of the ARMA filter. Same legend as in Figure 6.14.

Aurora 3.0 Finnish tasks

1 2 3

WM MM HM

Figure 6.16: Word accuracies (as percentages) of Aurora 3.0 Finnish with tasks various
orders of the ARMA filter. Same legend as in Figure 6.14.
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Aurora 3.0 Spanish tasks

100

1 2 3

WM MM HM

Figure 6.17: Word accuracies (as percentages) of Aurora 3.0 Spanish tasks with various
orders of the ARMA filter. Same legend as in Figure 6.14.

processing.

In the experiments, the front end extracts features which may have different dimensions
in different cases. The extracted features (referred to as RAW?) are subject to the processing
of mean subtraction (M), followed by variance normalization (MV), followed by ARMA
filtering (MVA). The back end uses whole-word HMMs, with 16 emitting states for a word
model, 3 states for the silence model, and 1 state for the short-pause model. The observation
density function for an emitting state is a Gaussian mixture with up to 16 components. Note
that this back end is different from the one defined in 6.1.2, which uses 3 components per

state.

6.2.1 MFCC

The first feature set that is tested with the combination of MVA is the MFCC. This is the

most common feature set and can establish a performance reference to which other feature

2This is previously referred to as N, “no processing”.
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Table 6.5: Evaluation on the MFCC features. The results are listed with respect to three
properties: what training set is used (multi-train or clean-train), how noisy the test data is
(clean, 0 — 20 dB or —5 dB), and what processing to the features is applied (RAW, M, MV
or MVA). The numbers in the table are the word accuracy rates.

multi-train clean-train

clean | 0-20dB | -5dB | clean | 0-20dB | -5dB

RAW | 99.21 88.25 | 22.27 | 99.65 54.28 | 7.23
M 99.48 91.64 | 30.69 | 99.72 68.58 | 3.94
MV 99.33 92.91 | 41.11 | 99.66 81.99 | 19.44
MVA | 99.34 93.44 | 46.49 | 99.66 85.20 | 27.24

sets can be compared. The feature vector contains 12 MFCCs enhanced by the zeroth
MFCC, along with the delta and delta-delta components.

The results with MFCC is presented in Table 6.5. One can see that MVA improves
significantly over RAW. With the 0 — 20 dB noisy test data, MVA improves by 44.2%
relative in the multi-train case and 67.6% in the clean-train case. Comparing MV and
MVA, the ARMA filtering improves by 7.5% relative in the multi-train case and 17.8% in

the clean-train case.

6.2.2 LPC

The LPCs represent the quasi-stationary process in a speech analysis window based on an
all-pole model of articulation, while the MFCCs are based on the spectral information and
human auditory knowledge (especially the mel-frequency). Therefore LPCs and MFCCs are
quite different and there are no apparent reasons that they will be corrupted in similar ways
with the presence of noise. It is not clear how noise influences the articulation and how the
LPCs are corrupted. The feature set contains 12 LPC coefficients and the log energy, along
with the delta and delta-delta components.

The results with the LPC features are summarized in Table 6.6. MVA again improves

significantly over the RAW features. Specifically, it improves 26.9% in the multi-train case
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Table 6.6: Evaluation on the LPC features.

multi-train clean-train

clean | 0-20dB | -5dB | clean | 0-20dB | -5dB

RAW | 89.76 63.34 | 3.90 | 93.11 21.22 | 5.24
M 88.76 71.92 | 15.97 | 93.52 39.96 | 6.52
MV 87.19 71.56 | 1.10 | 93.39 39.69 | 4.53
MVA | 87.14 73.21 | 6.06 | 93.33 42.17 | 0.94

Table 6.7: Evaluation on the LPC-Cepstral features.

multi-train clean-train

clean | 0-20dB | -5dB | clean | 0-20dB | -5dB

RAW | 99.13 87.21 | 23.92 | 99.41 56.50 | 3.61
M 99.20 90.06 | 32.29 | 99.59 71.26 | 7.33
MV 98.88 90.12 | 31.70 | 99.52 80.39 | 17.52
MVA | 98.86 90.71 | 36.43 | 99.46 82.61 | 23.97

and 26.6% in the clean-train case, with the 0 — 20 dB test tasks. Comparing MV and
MVA, the ARMA filtering improves by 5.8% relative in the multi-train case and 4.1% in
the clean-train case.

Overall, the performance level of the LPCs is not as well as that of the MFCCs. Fur-
thermore, the improvement introduced by MVA over RAW features is not as significant as

in the case of MFCC.

6.2.3 LPC-CEPSTRA

The observation that the LPCs do not perform as well as the MFCCs leads to evaluating the
cepstral features of LPC, the LPC-CEPSTRA. The feature vector contains 12 LPC cepstral
coefficients derived from 12 LPCs and the log energy, along with their delta and delta-delta.
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The results with LPC-CEPSTRA are summarized in Table 6.7. MVA again improves
significantly over the RAW features. Specifically, it improves 27.4% in the multi-train case
and 60.0% in the clean-train case, with the 0 — 20 dB test tasks. Comparing MV and
MVA, the ARMA filtering improves relatively 6.0% in the multi-train case and 11.3% in
the clean-train case.

Overall, LPC-CEPSTRA performs substantially better than LPCs, although still not as
good as MFCCs. Apparently, applying the discrete cosine transform (DCT) to the LPCs
results in features more germane to the back-end configuration of HMM with Gaussian
mixture densities. In addition, MVA shows a better relative improvement over RAW in the
LPC-CEPSTRA than in the LPCs, especially in the (mismatched) clean-train case. That

is, DCT leads to a better baseline and a better relative improvement.

6.2.4 Tandem

The tandem feature set is deemed one of the best feature sets with the Aurora 2.0 databases.
It is included in the evaluation of MVA to see how a completely different feature set react to
MVA processing. The feature vector is 24-dimensional corresponding to 24 phone classes,
as explained in [26]. In order to extract the tandem features, two neural nets need to be
pre-trained. Here both the case where the nets are trained by multi-train data and the case
where the nets are trained by the clean-train data are investigated.?

The results with the tandem features are summarized in Table 6.8. The top part is the
case where the neural nets are trained by the multi-train data set (referred to as Tand-M)
and the bottom part is the case where the neural nets are trained by the clean-train data
set (referred to as Tand-C).

Overall, with noisy test data, Tand-M performs better than Tand-C. This shows that
the mismatch in the performance can be attributed, at least partially, to the trained neural
nets with mismatched data. Furthermore, feature processing is capable of bridging such
mismatch of performance. This is evidenced by the observation that the relative difference

of the two cases is larger with the RAW features than with the processed features. Here the

3Thanks to Dan Ellis, the designer of the tandem feature set, for generating the RAW tandem features.
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Table 6.8: Evaluation on the Tandem features.

Bottom: Nets trained on clean-train data.

Top: Nets trained on multi-train data.

multi-train clean-train
clean | 0-20dB | -5dB | clean | 0-20dB | -5dB
RAW | 99.50 92.87 | 40.19 | 99.63 85.84 | 17.28
M 99.58 93.66 | 44.31 | 99.68 90.05 | 27.79
MV | 99.50 93.69 | 44.48 | 99.65 90.78 | 32.06
MVA | 99.57 93.68 | 44.61 | 99.67 91.15 | 35.33
multi-train clean-train
clean | 0-20dB | -5dB | clean | 0-20dB | -5dB
RAW | 99.45 89.34 | 27.57 | 99.62 7177 | 8.69
M 99.57 91.47 | 40.78 | 99.65 83.81 | 20.87
MV | 99.51 91.39 | 40.87 | 99.68 83.15 | 17.14
MVA | 99.55 91.25 | 40.60 | 99.64 83.41 | 21.68
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Table 6.9: Evaluation on the PLP features.

multi-train clean-train

clean | 0-20dB | -5dB | clean | 0-20dB | -5dB

RAW | 99.40 89.81 | 28.53 | 99.65 62.05 | 6.98
M 99.46 92.47 | 37.26 | 99.69 71.35 | 5.84
MV 99.29 93.01 | 44.07 | 99.61 83.71 | 21.48
MVA | 99.28 93.20 | 47.66 | 99.67 85.68 | 28.40

improvement is mostly accounted for by M (mean subtraction). Finally, it is interesting to
look at the case where the neural nets are trained by the clean-train data only (Tand-C) and
thus learn no information about how noisy data is like. Although such neural nets are not

expected to be robust to noise, it turns out that Tand-C nevertheless outperforms MFCC.

6.2.5 PLP

The design of the PLP features incorporates human auditory characteristics such as the
equal-loudness curve and the power law of hearing. Note that the PLPs used here are based

on the mel-frequency filter banks and are the cepstral coefficients (via HTK).

The results of the PLP features are summarized in Table 6.9. MVA still improves
significantly over the RAW features. Specifically, it improves 33.3% in the multi-train case
and 62.3% in the clean-train case, on the 0 — 20 dB test tasks. Comparing MV and MVA,
the ARMA filtering improves relatively 2.7% in the multi-train case and 12.1% in the clean-
train case. Here it is interesting to compare the MFCC and PLP features. Without any
feature processing, the PLP is significantly better than the MFCC (89.81% vs. 88.25% in
multi-train and 62.05% vs. 54.28% in clean-train). However, with MVA feature processing,
the advantage of PLP either disappears or significantly decreases (93.20% vs. 93.44% in
multi-train and 85.68% vs. 85.20% in clean-train).
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Table 6.10: Evaluation on the MSG features.

multi-train clean-train

clean | 0-20dB | -5dB | clean | 0-20dB | -5dB

RAW | 97.42 86.37 | 18.05 | 98.90 56.06 | -2.19
M 97.39 86.82 | 25.70 | 98.86 66.41 | 6.29
MV 97.50 86.29 | 15.98 | 98.59 57.78 | 6.08
MVA | 97.74 86.53 | 19.93 | 98.84 60.19 | 6.40

6.2.6 Modulation Spectrogram

The modulation-filtered spectrogram (MSG) [37] computes the 4-Hz spectral energy of fil-
tered modulation amplitude of each critical band. The main idea is to “focus on the elements
in the signal encoding phonetic information,” which change at a typical rate between 0-8
Hz corresponding to articulatory configuration. The signal processing in MSG has evolved
from its original setting for improved performance [50]. Here the so-called “msg3” features,
which are extracted by the the SPRACHcore software release from ICSI, are used.

The results of MSG features are presented in Table 6.10. Without any feature process-
ing, the performance level is similar to that of MFCC. With feature processing, there are
no significant performance gains. Note that in the processing of “msg3” features, an on-line
normalization of mean and variance has already been implemented. Furthermore, the mod-
ulation amplitude filtering is essentially a hi-reject filtering which is similar to ARMA. Also
note that to be used in an HMM recognizer the MSG features are often further processed

by neural networks, which is not the case here.

6.2.7 Modulation Cross-Correlagram

The modulation cross-correlagram (MCG) [9] features are based on the cross-correlation of
the magnitude sequences in different spectral channels. A two-dimensional DCT is further
applied to the cross-correlation matrix and the lowest-order 6 x 6 sub-matrix of the DCT

constitutes the final 36-dimensional feature vector.
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Table 6.11: Evaluation on the MCG features.

multi-train clean-train

clean | 0-20dB | -5dB | clean | 0-20dB | -5dB

RAW | 90.29 65.85 | 15.94 | 90.89 57.77 | 10.29
M 89.30 65.64 | 15.41 | 92.32 59.07 | 8.61
MV 91.00 66.20 | 14.36 | 93.44 60.98 | 7.40
MVA | 90.73 66.16 | 15.62 | 93.02 60.88 | 9.99

Table 6.12: Evaluation on the RASTA features.

multi-train clean-train

clean | 0-20dB | -5dB | clean | 0-20dB | -5dB

RAW | 99.50 90.95 | 30.97 | 99.72 61.59 | 7.93
M 99.52 92.28 | 34.06 | 99.76 73.16 | 5.70
MV 99.18 93.18 | 45.18 | 99.70 84.20 | 21.95
MVA | 99.34 93.25 | 48.37 | 99.66 85.40 | 28.15

The results with MCG are presented in Table 6.11. In this case, the feature processing

only introduces minor improvement over the raw features, if any.*

6.2.8 RASTA

RelAtive SpecTrA (RASTA) [39] is a filtering technique applied in a domain of the (com-
pressed) critical-band spectral envelopes. It is designed to remove the slow-varying environ-
mental variations and the fast-varying artifacts in speech processing. The 39-dimensional
plain RASTA-PLP (instead of j-RASTA or log-RASTA) is used in this evaluation.

The results for the RASTASs are presented in Table 6.12. Without any feature processing,

the performance level is better than that of MFCC in 0—20 dB test data, when one compares

“Note that in the experiments of clean-train with raw MCG features, on average there are only 7 com-
ponents per mixture. Further splitting the components results in vanishing variances.
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1 2 3 4 5 6 7 8 9

Figure 6.18: The comparison of feature sets with the multi-train tasks. The three blocks
correspond to clean, 0 — 20 dB and —5 dB test data, respectively. Within each block, the
abscissa is the enumerated feature set (1 = MFCC; 2 = LPC; 3 = LPC-CEPSTRA; 4 =
Tand-M; 5 = Tand-C; 6 = PLP; 7 = MSG; 8 = MCG; 9 = RASTA), while the ordinate is
the word accuracy rates. Within each feature set, the four bars in a bar group from left to
right correspond to RAW, M, MV, and MVA.

RAW-RASTA and RAW-MFCC. With MVA feature processing, the performance level of
RASTA is virtually the same as those of MFCC, when one compares MVA-RASTA and
MVA-MFCC. Specifically, the ARMA filter introduces a significant performance boost with
MFCC but only a minute gain with RASTA. In a sense the RASTA filtering has done the
work for the ARMA filtering.

6.2.9 Comparison Across Feature Sets

In addition to the individually presented results, comparison across feature sets is conducted
in this section, as the objective of this work is not only to investigate feature sets but also
to identify the characteristics of the features that work well with MVA.

An overall summary over the experimented feature sets is presented in Figure 6.18 for
the multi-train tasks and in Figure 6.19 for the clean-train tasks. These figures clearly show

the absolute performance levels of different feature sets.
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Figure 6.19: Same legend as the previous figure (Figure 6.18). The only difference is that
the results presented here are those of the clean-train tasks.

Generally speaking, the performance rankings of feature sets in different tasks (i.e. dif-

ferent combinations of train/test data) are quite similar. The relative ranking is:
123 ~4=b=6=9>~7>8>2

(using the same enumeration of features as in Figure 6.18).

The relative improvements of MVA over RAW are summarized in Table 6.13. Generally
speaking, with clean test data, the performance may degrade with MVA in individual cases,
but with noisy and/or mismatched data, the performance is boosted by MVA. The feature
sets can be divided into three classes based on the performance gains on the 0 — 20 dB test

data when MVA is applied as follows:

e Feature sets with substantial performance gains. The MFCC, LPC-CEPSTRA,
PLP and RASTA features belong to this category. On average MVA achieves 63%
relative improvements in clean-train and 33% in multi-train cases, on top of decent

baseline results of the raw features.

e Feature sets with medium performance gains. The LPCs and Tandem features
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Table 6.13: Relative improvements of MVA over RAW on all features.

multi-train clean-train

clean | 0-20dB | -5dB | clean | 0-20dB | -5dB

MFCC 16.46 44.17 | 31.16 2.86 67.63 | 21.57
LPC -25.59 26.92 | 2.25 3.19 26.59 | -4.54
LPC-C | -31.03 27.37 | 16.44 8.47 60.02 | 21.12
Tand-M | 14.00 11.36 | 7.39 | 10.81 37.50 | 21.82
Tand-C | 18.18 17.92 | 17.99 5.26 41.23 | 14.22

PLP -20.00 33.27 | 26.77 5.71 62.27 | 23.03
MSG 12.40 1.17 | 2.29 | -5.45 9.40 | 8.41
MCG 4.53 0.91 ] -0.38 | 23.38 7.36 | -0.33

RASTA | -32.00 25.41 | 25.21 | -21.43 61.99 | 21.96

(including Tand-M and Tand-C) belong to this category. On average MVA achieves

35% relative improvements in clean-train and 18% in multi-train cases.

e Feature sets with minute or no performance gains. The MCG and MSG belong
to this category. On average MVA achieves 8% relative improvements in clean-train

and 1% in multi-train cases.

6.2.10 Summary

In this section, the MVA feature processing scheme is applied to feature sets of different
natures. The results show that MVA works well in the majority of the tested features,
especially in highly noisy and/or mismatched data. It is also shown that the performance
gain of certain noise-robust features can be improved by performing temporal integration
in the final stage, as is done by MVA processing, effectively utilizing information from time
spans longer than a typical analysis window. Here the working hypothesis is that appro-

priately extracting information across multiple analysis windows is a fundamental property
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of noise-robust ASR systems, at least in small-vocabulary ASR tasks. This agrees with a
recent research trend to integrate informations at different time scales [40]. MVA, unlike
many other methods, does this in a simple and effective way, and is applicable to any feature

extraction method.

6.3 DBN ASR Systems

The proposed noise-robust back ends and the corresponding implementations of multi-
stream ASR systems have been described in Section 5.3. In this section, further details

are elaborated and experimental results are presented.

6.3.1 Ezperimental Setup

As described in Section 5.3, the feature observation consists of two component feature
streams — MV and MVA. The raw features used in the experiments are the MFCCs, along
with the delta and delta-deltas (Configuration 3).

Whole-word models are adopted for the experiments. Each word model has 16 emitting
states. The silence model has 3 emitting states. The short-pause model has only one
emitting state (not tied to the middle state of the silence model). Each state-emitting
density is a Gaussian mixture distribution of up to 16 Gaussian components.

During training, the parameters of the state-emitting density functions of both feature
streams and the Markov chain transition probability matrix are jointly learned. To use all
data during training, the conditional distributions of the feature observations are indepen-
dent of the feature selector R. During testing, the feature selector is active in selecting the

corresponding feature in a frame.
6.3.2 Results and Discussion

6.3.2.1 Baseline

The baseline systems in the evaluation of DBN-based systems are the uni-stream HMM-
based systems, in which a component feature is used as the sole feature. In addition,

the best-case-scenario performance for the utterance-level feature switching is computed by
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Table 6.14: Performance of baseline systems of the Aurora 2.0 tasks.

multi-train clean-train

clean |0—20dB | —=5dB | clean | 0—20dB | —5 dB

MV | 99.18 92.84 41.66 | 99.70 82.62 20.60
MVA | 99.24 93.47 47.30 | 99.66 85.02 25.66
oracle | 99.44 94.59 51.62 | 99.75 86.63 29.05

Table 6.15: Performance of baseline systems of Aurora 3.0 tasks.

Danish Finnish German Spanish

WM | MM |HM | WM | MM | HM | WM | MM | HM | WM | MM | HM

MV | 939 | 809 | 752|972 | 92.8 | 87.6 | 95.8 | 88.4 | 87.8 | 97.2 | 94.7 | 88.2
MVA | 94.2 | 84.5 | 81.2 | 97.7 | 94.1 | 90.1 | 96.0 | 90.3 | 88.7 | 97.7 | 95.5 | 91.1
oracle | 95.2 | 86.2 | 82.1 | 98.2 | 94.9 | 91.5 | 96.7 | 91.4 | 90.2 | 98.1 | 96.4 | 92.1

combining the hypotheses (the oracle) from these baseline systems. This is the empirical
upper bound for the performance of an utterance-level feature switching ASR system.

The results of these baseline systems are given in Tables 6.14 and 6.15 for the Aurora 2.0
and the Aurora 3.0 tasks respectively. Apparently, the MVA features outperform the MV
features in every task. Nonetheless, integrating both component features in an ASR system

has a potential of 10 to 20% relative improvement over and above the MVA features.

6.3.2.2 Energy-based Feature Selectors

The results of the Aurora 2.0 tasks with the utterance-level energy-based feature selectors as
described in Section 5.3.3.1 are summarized in Table 6.16. One can see that for clean test
data the results of the utterance-level energy-based feature selector multi-stream system
and the uni-stream MV system are identical, while for noisy test data the utterance-level

energy-based feature selector multi-stream system has virtually the same performance as
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Table 6.16: Performance of the Aurora 2.0 tasks with utterance-level energy-based feature
selector. The threshold value used is 10, while the same (a,b) = (4.9,18.3) parameters as
described in Section 5.3.3.1 are used.

multi-train clean-train

clean | 0—20dB | =5dB | clean | 0—20dB | =5 dB

MV 99.18 92.84 41.66 | 99.70 82.62 20.60
MVA | 99.24 93.47 47.30 | 99.66 85.02 25.66
energy | 99.18 93.46 47.29 | 99.70 84.97 25.62

the uni-stream MVA system. This is not unexpected, as the utterance-level classification of
clean/noisy speech works pretty well, as earlier shown in Table 5.2.

The performance of the Aurora 3.0 tasks with the frame-level energy-based feature se-
lectors is summarized in Table 6.17. Here, unlike the utterance-level scheme, the results are
almost identical to MVA results, with the only difference being 0.1% in the Danish WM
task. A moment of thought uncovers the reason. The parameters (a,b) are derived based
on the maximum and minimum values of an utterance. Therefore a frame is more likely
to be labeled as noisy even if it is relatively clean. In other words, if 10 dB is used for
the threshold, the frames in utterances with 10-dB SNR are almost all labeled as noisy,
while about % of the frames in utterances with 20-dB SNR are labeled as noisy. Therefore,
because many frames are labeled as noisy, the performance of the dual-stream system is

close to the MVA uni-stream system.

6.3.2.3 Entropy-based Feature Selectors

The entropy-based feature selectors, as described in Section 5.3.3.2, are exclusively frame-
level. By design, the MV features are switched on when the environment is clean, while the
MVA features are switched on when the environment is noisy.

The experimental results of the Aurora 2.0 tasks with entropy-based feature selector are
summarized in Tables 6.18. In the clean-train case, feature switching gets the best out of the

two, as the MV features outperform the MVA features with clean test data and the MVA
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Table 6.17: Performance of the Aurora 3.0 tasks with frame-level energy-based feature
selector. Same parameters as in Table 6.16 are used.

Danish Finnish German Spanish

WM | MM | HM | WM | MM | HM | WM | MM | HM | WM | MM | HM

MV 93.9 | 80.9 | 75.2 | 97.2 | 92.8 | 87.6 | 95.8 | 88.4 | 87.8 | 97.2 | 94.7 | 88.2
MVA | 94.2 | 84.5 | 81.2 | 97.7 | 94.1 | 90.1 | 96.0 | 90.3 | 88.7 | 97.7 | 95.5 | 91.1
energy | 94.3 | 84.5 | 81.2 | 97.7 | 94.1 | 90.1 | 96.0 | 90.3 | 88.7 | 97.7 | 95.5 | 91.1

Table 6.18: Performance of the Aurora 2.0 tasks with entropy-based feature selector. Note
that these are frame-level.

multi-train clean-train

clean | 0—20dB | —=5dB | clean | 0—20dB | —5 dB

MV 99.18 92.84 41.66 | 99.70 82.62 20.60
MVA 99.24 93.47 47.30 | 99.66 85.02 25.66
entropy | 99.18 93.46 47.30 | 99.70 85.02 25.66

features outperform MV features with noisy test data. In the multi-train case, however, as
the MVA features outperform MV features in every kind of test data, feature switching is
not able to improve performance.

The experimental results of the Aurora 3.0 tasks with the entropy-based feature selector
are summarized in Tables 6.19. Note that in the Danish WM case, feature switching has a

0.2% (3.8% relative) improvement over the uni-stream MVA system.

6.4 Experiments on a Non-Stationary Noisy Database

The Aurora 2.0 database is quite stationary in the sense that the property of the back-
ground noise rarely changes drastically during the period of a typical utterance. A highly
non-stationary noise is very difficult to conquer. Although MVA is successful in a quasi-

stationary case, it may fail to be so when the environment is quickly changing. In fact, the
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Table 6.19: Performance of the Aurora 3.0 tasks with entropy-based feature selector.

Danish Finnish German Spanish

WM | MM | HM | WM | MM | HM | WM | MM | HM | WM | MM | HM

MV 93.9 | 80.9 | 75.2 | 97.2 | 92.8 | 87.6 | 95.8 | 88.4 | 87.8 | 97.2 | 94.7 | 88.2
MVA 94.2 | 84.5 | 81.2 | 97.7 | 94.1 | 90.1 | 96.0 | 90.3 | 88.7 | 97.7 | 95.5 | 91.1
entropy | 94.4 | 84.3 | 80.8 | 97.7 | 94.1 | 90.0 | 96.0 | 90.2 | 88.5 | 97.7 | 95.4 | 91.0

earlier analysis assumes the stationarity of noise, at least during a typical utterance. This
limitation in the derivation has no implications for the effectiveness of MVA outside the
assumption of stationarity.

In order to empirically inspect the effectiveness of MVA in a highly non-stationary noisy
environment, a noisy speech database based on Aurora 2.0 is created as follows: For each
data set, a designated noise at a prescribed noise level is added to the clean speech. The
addition of noise signal is itself a 2-state Markov chain. That is, whether the current speech
sample is to be added noise, given all the previous processed samples, depends only on
whether the previous sample has been added noise. The resulting noisy speech can be

written as

z(t) = s(t) + V2yI(t)n(t), (6.4)

where v is determined by the noise level® and I(#) is an indicator random variable of whether

s(t) is corrupted. I(t) is a Markov chain, whose state transition probability is
p(I(t) =0I(t-1) =1) =p(I(t) =1|I(t -1) =0) £ ¢, (6.5)

where ¢ is the probability of transition out of the current state. A symmetric transition
matrix for the Markov chain is used so the stationary probability distribution is (%, %) The
initial probability is chosen to be the stationary probability distribution. Thus, for a noisy
utterance, half of the samples are corrupted and the other half remain uncorrupted, on

average.

SNR/20

5To be exact, here v = 10~ , where SINR is the prescribed signal-to-noise ratio.
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The processed speech samples thus consist of alternating corrupted and uncorrupted
segments. The average length of these segments is determined by the Markov-chain transi-
tion probability matrix and the sampling rate. The dependence of the performance on this
average length is investigated. The parameter being varied is ¢, where a small ¢ corresponds
to a long segment. The results are summarized in Table 6.20, where q is varied from 0.0001
(10000 samples per segment on average, 1250 ms with 8000 Hz sampling frequency) to 0.009
(111 samples, 13.9 ms).

Here one sees the divergent trends with the multi-train and the clean-train tasks. In
the multi-train case, the performance reaches a peak when ¢ is roughly 0.002 (500 samples,
62.5 ms). In the clean-train case, the performance degrades when ¢ is increased from 0.0001
(10000 samples, 1250 ms).

From these results, one can see that the match of ¢ in the train and test data plays a
primary role in performance, but also that there is a secondary effect related to the match
of two temporal parameters, the fized speech window length and the varying segment length
(controlled by q). Specifically, in the clean-train case, the segment length is infinity for the
train data. Divorcing ¢ from 0 for the test data thus increases the mismatch between the
train and test data. In this case, the mismatch in ¢ dominates the performance curve, so
the performance is the best when ¢ is the smallest. In contrast, in the multi-train case,
the train and test data have the same matched q. When ¢ is varied, the difference between
the speech window length and the segmental lengths is varied. The results show that the
best performance is achieved when the segment length is roughly 2 — 3 times the speech
window length. This makes sense because if the segments get shorter, the corruption of
speech samples in different speech windows will be likely to be different, leading to different
patterns of the same linguistic targets.’

To further investigate the effectiveness of the MVA processing, the case of ¢ = 0.01
is chosen, with 100 samples (12.5 ms) per segment on average, resulting in a highly non-

stationary noise condition.

5Note that the limiting case of ¢ = 0 does not reduce to the original database. In this case, half of the

supposedly noisy utterances are clean and the other half are noisy (with the noise level doubled). These
two components in the resultant database do not “average out.” This explains why the performances of
low g are quite different from the original database.
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Table 6.20: Results of non-stationary Aurora 2.0 noisy databases varying the average seg-
mental length. The numbers in the leftmost column are the g values, where each g value
is used in re-generating the entire database, with which ASR experiments are run. In the
front end, the 39-dimensional raw feature vector of Configuration 3 is used. The back end
is 16-state whole-word HMMs, with each state having 3 Gaussian components.

multi-train

Test Set A Test Set B

clean |0—20dB | —5dB | clean | 0—20dB | —5 dB

0.0001 | 98.92 82.95 63.05 | 98.92 81.36 60.28
0.0002 | 98.99 83.49 64.47 | 98.99 82.82 62.25
0.0005 | 98.83 85.34 66.61 | 98.83 84.65 64.27
0.0010 | 98.75 86.48 67.41 | 98.75 86.38 65.60
0.0020 | 98.75 87.53 67.92 | 98.75 87.95 67.74
0.0050 | 98.55 85.07 60.23 | 98.55 86.70 58.67
0.0090 | 98.50 82.10 54.16 | 98.50 83.48 48.27

clean-train

Test Set A Test Set B

clean |0—20dB | —5dB | clean | 0—20dB | —5 dB

0.0001 | 98.94 72.03 49.70 | 98.94 66.10 48.38
0.0002 | 98.94 70.49 45.85 | 98.94 64.70 43.01
0.0005 | 98.94 66.62 36.07 | 98.94 60.99 32.37
0.0010 | 98.94 62.81 26.67 | 98.94 57.25 21.10
0.0020 | 98.94 59.29 21.64 | 98.94 54.77 12.86
0.0050 | 98.94 57.01 16.75 | 98.94 53.43 8.44
0.0090 | 98.94 96.31 15.04 | 98.94 52.69 7.73
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Table 6.21: Results of GMTK-based systems on the highly non-stationary Aurora 2.0 noisy
database with ¢ = 0.01 (very short segments).

multi-train

Test Set A Test Set B

clean | 0—20dB | —=5dB | clean | 0—20dB | —5 dB

RAW | 99.42 82.72 52.95 | 99.42 85.82 48.20
M 99.40 84.26 57.76 | 99.40 86.66 53.11
MV 99.18 85.38 61.20 | 99.18 88.05 56.38
MVA | 99.29 84.01 58.47 | 99.29 86.92 54.93

clean-train

Test Set A Test Set B

clean | 0 —20dB | —5dB | clean | 0—20dB | —5 dB

RAW | 99.62 55.24 17.20 | 99.62 60.08 16.28
M 99.73 59.84 17.83 | 99.73 61.72 14.76
MV | 99.66 73.89 36.60 | 99.66 77.07 31.79
MVA | 99.70 65.52 23.23 | 99.70 67.89 20.37

The performances of this highly non-stationary case are summarized in Table 6.21. From
this table, one can see that although MVA feature processing does improve the perfor-
mance in the non-stationary cases, the improvement via MVA feature processing in the

non-stationary cases is not as significant as in the stationary cases.

6.5 Experiments on the Spine Database

Spine (SPeech In Noisy Environments) [75] is a database recorded in noisy military envi-
ronments (the military noises were played in the background during the recording of the
speech). The Spine 1 database consists of 140 conversations in the training set and 120

conversations in the evaluation set. The Spine 2 database consists of 64 conversations in
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the training set, 32 conversations in the development set, and 64 conversations in the evalu-
ation set. In the Spine 2 evaluation, the use of the Spine 1 data for training is allowed (and
this is often the case with participating sites). With that, the total amount of speech data

for training is approximately 17 hours, and for the test data, about 2.4 hours.

The MVA technique is also evaluated on Spine. The Spine task has a larger vocabulary
(5721 entries in the dictionary) than Aurora. In addition, the language-model aspect (using
bigram) is more important in Spine than in Aurora (using word net). In addition, Spine
consists of data recordings in environments which are different from those in Aurora. These
environments are called Bradley, car, carrier, F16, helo, office, quiet, and street. Based on
the author’s subjective personal impression, Bradley, carrier, F16 and helo environments
have significant battle-field noise characteristic of a military setting in which some utter-
ances have been yelled. In contrast, car, street, office and quiet environments do not have
significant background noise but some utterances are quite unnatural in terms of the speak-
ing rate (very slow and inconsistent) or volume (whispering). This leads to a large degree

of pronunciation variation. The SNR is reportedly between 5 dB to 20 dB.

6.5.1 Different Front-end Configurations

The first set of experiments is designed to compare the use of the zeroth cepstral coefficient
(C[0]) and the log energy (£). Different from the per-utterance scheme in the Aurora
experiments, a per-side scheme is used in the Spine experiments. That is, the mean and
variance of an entire conversation side are computed and then used in the mean subtraction
and variance normalization. A second-order ARMA filter is optionally applied to the feature

stream after the normalization.

The word error rates without any model adaptations (cf. Section 2.3.2) are presented in
Table 6.22. One can see the advantage of using C[0] over £ from this table. In addition, the
relative improvement of the processed features over the RAW feature is larger when C[0] is

used than when ¢ is used.
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Table 6.22: Spine results of different front-end configurations. Here the comparison is
between using the log energy versus using the zeroth cepstral coefficient. The order of the
ARMA filter in MVA is 2. Note that the numbers in the tables are the word error rates.

using the log energy ¢

Bradley | car | carrier | F16 | helo | office | quiet | street | Overall

RAW 63.9 47.1 | 46.0 | 69.5 | 65.6 | 47.5 | 54.5 | 53.9 54.7
M 54.9 40.7 | 38.7 | 59.4 | 60.9 | 42.7 | 49.2 | 48.1 48.1
MV 52.1 41.1 | 371 |56.6 | 55.4 | 41.8 | 47.7 | 46.7 46.4
MVA 53.5 39.8 | 383 |59.1 595 | 42.5 | 48.6 | 48.0 47.5

using the zeroth cepstral coefficient C[0]

Bradley | car | carrier | F16 | helo | office | quiet | street | Overall

RAW 66.2 45.5 | 46.1 | 69.4 | 69.0 | 47.1 | 52.3 | 50.8 54.2
M 53.6 39.1 | 39.5 | 577|615 | 41.6 | 47.8 | 455 47.0
MV 51.5 39.8 | 36.3 | 53.8|54.0 | 41.9 | 46.6 | 46.7 45.5
MVA 53.1 404 | 39.1 |57.0|58.0| 41.4 | 49.0 | 464 47.0
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6.5.2 Different ARMA Orders

The second set of experiments is designed to compare different orders of the ARMA filters.

The results are summarized in Table 6.23. In this set of experiments, the best overall
performance occurs when using ARMA filter of order 1. Compared to the MV processing,
it is better in carrier, F16, quiet and street, and it is worse in Bradley, car, helo and office.

The difference in the effectiveness of the ARMA filtering in Spine and in Aurora deserves
an explanation. The ARMA filtering basically smoothes the time sequences of each feature
component. On the positive side, it can reduce the noise effect in the speech signal. But on
the negative side, it can reduce the discriminativity of different speech targets (words). In a
small-vocabulary and highly noisy database, such as Aurora, the advantage outweighs the
disadvantage. In Spine, the discrimination is much more crucial, as there are more linguistic
classes to discriminate. The results show that beyond the first-order, the ARMA filtering

provides no performance gain.
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Table 6.23: Spine results of different orders of ARMA. Here A_m denotes the ARMA filter
of order m. The results have been decomposed into different environments. Again, the
reported numbers are the word error rates.

using the log energy ¢

Bradley | car | carrier | F16 | helo | office | quiet | street | Overall

MV 52.1 41.1 | 371 |56.6 | 55.4 | 41.8 | 47.7 | 46.7 46.4
MVA_1 52.0 40.2 | 38.1 | 57.4 |57.1 | 40.6 | 48.2 | 46.6 46.4
MVA_2 53.5 39.8 | 383 |59.1 |59.5| 42.5 | 48.6 | 48.0 47.5
MVA_3 52.1 416 | 41.8 |61.6 | 60.0 | 43.0 | 51.8 | 49.1 49.0

using the zeroth cepstral coefficient C[0]

Bradley | car | carrier | F16 | helo | office | quiet | street | Overall

MV 51.5 39.8 | 36.3 | 53.8|54.0 | 41.9 | 46.6 | 46.7 45.5
MVA_1 51.8 39.4 | 36.6 | 57.0 | 55.7 | 41.9 | 48.7 | 46.2 46.2
MVA_2 53.1 40.4 | 39.1 |57.0|58.0| 41.4 | 49.0 | 464 47.0
MVA_3 51.8 409 | 39.7 | 59.2 | 58.6 | 43.2 | 50.2 | 47.3 47.8
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Chapter 7

CONCLUSIONS

7.1 Summary

Due to the rapid growth of usage of mobile communication and computation devices, noise-
robust ASR is becoming more and more important everyday, as mobile devices are often
used outside the quiet environment of office or home. Furthermore, users may need to
command a device via voice when their hands or eyes are occupied.

On a mobile device, due to limitation in size/weight and battery life, computational
power is restricted. Therefore, a low-resource solution to the issue of noise-robustness is
much desired. Such a solution should be effective, that is, not significantly compromis-
ing recognition accuracy. The MVA feature processing proposed in this thesis is such a
technique.

Both the classic methods and modern techniques are described to the best of the author’s
comprehension and ability. This account is not meant to be complete but rather is meant
to provide a necessary background for research of noise-robust ASR systems.

An analysis of the feature set of MFCC and its distortion under additive and convolu-
tional noise is given in Chapter 3. This treatment continues through Chapter 4 on how the
investigated technique, MVA, deals with such distortion.

Chapter 5 proposes a different approach for noise-robustness. The emphasis shifts from
the front-end signal processing to the back-end models. Here, systems with multiple feature
streams with feature selection are described in detail.

The experimental results are presented in Chapter 6. First, MVA is evaluated in multiple
domains. In addition, the ARMA filter is compared to other designed or data-driven filters.
Second, MVA is evaluated in combination of various speech feature sets. Third, the multiple-

stream systems are implemented with two distinct feature selection schemes. Finally, the
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effectiveness of MVA on a medium-size vocabulary (the Spine) task, with respect to different
ARMA orders and different feature configurations, is evaluated.

Overall, MVA is quite successful is reducing the word error rates in noisy tasks as
a feature processing technique. Furthermore, it achieves essentially the same performance
level as other systems without consuming as many resources. Its effectiveness, however, does
strongly depend on the used feature set, the vocabulary size, and the domain of application.

The idea of a feature selector in multiple-stream systems, on the other hand, does not
lead to significant performance gain. This may be due to the fact that very similar feature
streams are used, leading to failure to take advantage of cues for environmental condition
from entropic or energetic sources of information. In hindsight, it is probably a better idea

to choose the component features to be of a more distinct nature.

7.2 Future Work

This thesis work can be extended in several directions.

e Temporal filters. The inspected ARMA filtering is essentially temporal processing,
with the coefficients of the temporal filter being set to uniform values irrespective of

any data or learning algorithm. To generalize from the current special case, one may

— assume a parameterized shape (such as a Mexican hat), learn a parameter-noise
relation from training data, and then use this relation to determine the parameter

for given test data.

— assume general unknown coefficients and then learn these coefficients from train-
ing data based on certain criteria, such as principle component analysis or linear

discriminant analysis.

However, one must be aware of the issue of data mismatch when adopting data-driven
approaches. In this regard, the current MVA does not suffer from this problem. It

cannot be over-trained to a particular data set since the coefficients are fixed.
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e Analysis. The feature distortion is analyzed only for the MFCCs and the log energy,
leading to the MVA technique. Yet, it has been shown that MVA also combines well
with several other feature sets. For those features whose signal processing procedures
do not include neural networks, it should not be difficult to analyze their distortions

due to additive and convolutional noise.

e Multi-stream system. The used feature streams are quite similar in nature and the
graphs are based on observed feature selectors. For future extension of the current

work, one may

— use feature streams of more different natures.

— use more refined dependency patterns among feature selectors and other random
variables in the graph, such as using phonetic information to help guide feature

selectors.
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Appendix A

EM ALGORITHM IN MAXIMUM LIKELIHOOD ESTIMATION

In maximum likelihood parameter estimation, the objective is to find the model pa-
rameter values which maximizes data likelihood. The EM (Expectation-Maximization)
algorithm is commonly used in such parameter estimation because the data likelihood is
non-decreasing with iterations.

An auxiliary function is defined by
Q(0,00) = Ellogp(S,2(0)] = Y _ p(slz, ©) log p(s, z|©), (A.1)
S

where ©y is the current model parameter set, x is the (observed) data, and S is the hidden
variable. This function is maximized with respect to the unknown, ©®. Suppose the solution

in maximizing (A.1) is ©’, then
Q(9',69) > Q(Og, Oo). (A.2)

Furthermore,

logp(x\(%') — logp($|90) = Q(@’, @O) - Q(@O, @0) + Zs:p(3|:1;’ @0) log %

> Q(0',09) — Q(O0, ©9) (A.3)

> 0.

It follows that the data likelihood does not decrease with each maximization.

The complexity of EM algorithm depends on the complexity in finding the optimal
solution in (A.1). The algorithm is very efficient when the solution has a closed from and it
can be computed directly from data statistics and old parameters. In the cases where there
is no closed-form solution, the computational complexity depends on the suitable numerical
methods. Alternatively, one may update ©® which satisfies (A.2) and which can be obtained

easily, although it may take more iterations to converge.



Appendix B

COMMONLY USED NOTATIONS

notation | description

t continuous time

s(t) clean speech signal
n(t additive noise signal

.

Z ™ Qo 8 v LD s~

3

convolutional noise signal
noise-corrupted speech signal

index of a mel-frequency filter
number of mel-frequency filters
index of a static cepstral coefficient
number of static cepstral coefficients
index of a feature vector component
number of feature vector components
power spectrum

mel binning filter

mel-frequency spectrum

matrix representation of discrete cosine transform

(static) cepstral vector

log energy

number of samples in a frame (including zero-padding)

index of discrete time in a frame
index of discrete frequency
frame index

noise level

123



124

VITA

Chia-Ping Chen grew up in the city of Kaohsiung, one of the largest harbors in Asia.
He earned a bachelor’s degree from the National Taiwan University and a master’s degree
from the National Tsing-Hua University, both in physics. In 1998, he began his graduate
study in the Department of Electrical Engineering at the University of Washington, where
he earned a master’s degree in 2001 and a PhD in 2004.

Besides physics, communications, signal processing, and automatic speech recognition,
he is also interested in machine learning, data mining, information search/retrieval, stochas-

tic models, causal models, and convex optimizations.



