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SUMMARY

This research presents a new technique for adapting Hidden Markov Model (HMM)
automatic speech recognition (ASR) systems when there is a mismatch between training
and testing conditions. In standard ASR systems, each observation vector is assumed
completely reliable, and implicitly weighted equally during decodihg. The new method,
referred to as the Uncertain Observation technique, leverages the knowledge that all feature
extraction has an inherent amount of uncertainty. In noisy environments, for example,
different regions in the time frequency plane have vastly different local signal to noise
ratios, and thus significantly different reliabilities. The Uncertain Observation decoder
derived for this research presents a strong probabilistic frarﬁework, integrating the likelihood
distribution of each feature vector into the decoding process. This results in a continuously
adaptive recognition system that integrates Bayes Predictive Classification into a HMM
recognition system.

The technique compares favorably in stationary noise to model compensation methods
such as Parallel Model Combination (PMC), and outperforms simpler feature transforma-
tion. In time-varying environments, for which the algorithm is designed, Uncertain Ob-

servation techniques outperform both model compensation and time-varying feature trans-

formations. Uncertain Observation methods are further applied to packet lossy channels,
compressed speech, and feature vector quantization, showing a promising method that can
be integrated into distributed speech recognition systems for robust performance. Finally,
Uncertain Observation methods are applied during training to aid speech model creation

or adaptation when the available data contains a distortion.

xi



CHAPTER 1

INTRODUCTION

Although automatic speech recognition has made noticeable strides, it has yet to make the
significant impact other recently developed fechnologies have made on people’s daily lives.
One reason is that while experimental systems in the laboratory are capable of serving
as good man-machine interfaces, they have yet to demonstrate the ability to be robust
and versatile in actual applications. One major deterrent to widespread application is that
today’s systems have trouble recognizing speech captured in an environment that is different
from which it was trained.

Many factors contribute to a mismatch between training and operating environments.
Differences can be due to the speaker (such as vocal tract length, dialect, and emotional
state) or to the audio capture conditions (such as room reverberatioﬁ, transducer nonlinear-
ities, transmi.ssion channel effects, compression artifacts, and background noise). Various
algorithms have been discussed in the literature to compensate for many of these effects,
operating as either a feature transformation or as model compensation.

There are many techniques in the Automatic Speech Recognition (ASR) community

that address the issue of additive background noise. In general, once a feature set has been

chosen, robust techniques fall into two categories, feature transformation or model com-
pensation. Feature transformation aims to adjust the observation sequence to approximate
what it would be if the noise were not present during audio capture. An example is the well
known spectral subtraction algorithm [7] or the more recent SPLICE algorithm [14]. Model
compensation is a more advanced method, that aims instead to adjust the speech models
so that they appear they were trained using speech collected in the current environment.
The best known example of this class of algorithms is Parallel Model Combination, (PMC)
[24]. Each of these two general approaches has pros and cons. Feature transformations

are easier to perform, requiring no changes to the recognition engine, and can be quickly



adapted to changes in the background environment. Model compensation methods are bet-
ter at improving recognition accuracy, as it is possible to update both the model means and
variances. It has been difficult, however, to incorporate model compensation techniques
‘into many real-world systems [25, 37, 36, 55, 60], since they operate by updating the means
and variances of the recognition engine’s Hidden Markov Models (HMMs). These computa-
tions are nontrivial, and up to several million parameters of the model must be re-adapted
each time the background noise changes. Further, sufficient memory to hold an entire new
version of the HMM is required, which can be a burden on speech servers that may be
operating tens or hundreds of channels at a time.

In this thesis a new technique is derived: the Uncertain Observation (UO) decoding
algorithm, which extends feature transformation to include the positive benefits of model
compensation. It allows fast adaptation when the source of the mismatch changes, and the
improved performance of updating both mean and variance parameters.

The basis of the algorithm is to give not only the most likely estimate of the clean feature
for each frame (as in feature transformation), but also to give the variance of this estimate. It
will then be shown how the standard HMM decoding algorithm can be extended in order to
use these observation variances. With this uncertainty passed into the HMM decoder, model
means and variances are updated as in model compensation, albeit indirectly. However,
since the uncertainty is now modeled with the features instead of the model parameters, it
is easy to have the uncertainty change with time. In effect, the one-time, global update of all
parameters in model adaptation has been exchanged for a continual set of smaller updates
for every frame, spreading the adaptation computation cost into a continual smaller cost
across time. This allows model compensation accuracy during time varying distortions.

It is worth noting that the UO technique can be applied to any. distortion. One must
only have a feature transformation algorithm that is extended to include an estimate for the
variances of the compensated 'features.‘ Rather than expressing frames as single points in
(typically) 39-dimensional space, frames are expressed as 39-dimensional PDFs, describing
the likelihood for all points in space of being the unobserved clean feature vector. One

obvious application is to handle background noise, but other scenarios are also examined in



this thesis. Packet lossy channels, feature vector compression, and adaptation to compressed
speech are considered in turn, and all show some measure of improvement in recognitioﬁ
accuracy. Each of these techniques is useful for distributed speech recognition (DSR), which
involves the capture of speech at one location, and recognition at a some remote network
location. |

The uncertain observation technique will .also be extended to the training of HMM
parameters. Collection of training daﬁa has always proifed difficult and time consuming
for speech scientists. If traiﬂing da-t;a,~ is collected in environments with background noise
that is not necessarily matched to recognition c;)nditions, then models will be suboptimal.
By incorporating knowledge about which parts of the training data are better known than
others, training of robust models for multiple noise conditions is possible. For this thesis, the
standard Baum-Welch parameter reestimation algbrithm will be extended to use uncertain
observations, resulting in a technique that is significantly more successful at recognizing
clean data, given that only noisy data was available for training.

In summary, in this dissertation we:

e develop a feature extraction method that models each speech frame by a PDF in the
speech feature domain,

e derive a new HMM decoding algorithm that uses these PDF features to handle time-
varying mismatches between training and testing environments,

e compare, in terms of recognition performance and computational costs, this new al-
gorithm to feature transformation and model compensation in stationary noise,

o demonstrate the proposed algorithm in time-varying noisy environments that cannot
be handled by current state-of-the-art model compensation algorithms,

e apply the new algorithm to also handle dropped frames, feature vector compression,
and speech compression, and

e propose that speech models appropriate for clean environments can be trained using
noisy data by applying uncertain observation techniques.

This thesis is organized as follows. Chapter 2 will present the baseline recognition sys-
tem used throughout this research. Also, the concepts required as building blocks needed
to understand UO techniques will be presented. Chapter 3 develops the theory of UO de-

coding, showing how standard HMM decoding can be extended to the case of speech frames



described by PDF's instead of single deterministic poihté in space. Several interpretations
of the algorithm and experiments showing an upper bound on performance available with
this technique are documented. Chapter 4 applies the decoding algorithm to additive noise
environments, and Chapter 5 show applications to distributed recognition environments. In
Chapter 6, Baum-Welch reestimation of HMM parameters is extended to use observation
uncertainty, resulting in the novel BW-UO training algorithm for HMMs. Experimental
results are shown demonstrating signiﬁcantly improved recognition performance for models
trained with noisy speech. Finally, a summary of the work, conclusions, and a set of future

related research areas are presented in Chapter 7.



CHAPTER II

BACKGROUND

This thesis will introduce a new technique for robust speech recognition that can adapt
rapidly to time varying noise or other types of distortion. In order to better understand the
new material, it is beneficial to first describe the baseline techniques that currently exist.
This chapter will thus present a brief overview of speech recognition using Hidden Markov
Models, the standard feature extraction techniques used for ASR, a;nd the existing methods
for robust recognition. This is by no means a comprehensive survey of existing techniques,
and the interested reader will be referred to other locations for more in-depth descriptions
and analysis where appropriate. Also covered in this chapter will be the shortcomings of
current techniques, and the motivation for a new method. Finally, the baseline recognition

experiments used throughout the thesis will be discussed.

2.1 Hidden Markov Model LVCSR

Large Vocabulary Continuous Speech Recognition (LVCSR) [9, 34, 49, 51] requires several
layers of processing to convert a speech waveform to text. At the top most level, a lan-
guage model controls how words can be combined into phrases and sentences. As shown
in Figure 1(a), this can be a finite state grammar that explicitly enumerates the possible
;;aths and their probabilities. Such a language model is useful for highly constrained tasks,
for example the input of credit card numbers. More general language models for dictation
and transcription are N-grams and their many variants, which allow any word to follow
any other words, with a probability determined by the previous sequence of N — 1 words.
For efficient implementation, low-likelihood paths can be screened out in advance, reducing
complexity.

Below the phrase-level language model is a word-level model, as shown in the example

of Figure 1(b) that describes how words are built from subword units, typically context



(a) phrase level:

(b) word level:

(c) phoneme level:

(d) state level:

Figure 1: Topographical model of a the typical layers involved in HMM-based
speech recognition.



dependent phonemes. Another common version for simpler tasks is the whole-word model,
where each individual wordis simply represented by its own unique HMM. Context depen-
dent models for words can also be built using cross-word triphones, in which the exact set of
subword units is chosen based on the pronunciation of the words that come before and after
during decoding. This means that during decoding, to allow for J; possible pronunciation
paths into a word, and J, possible pronunciation paths exiting a word, a total of J; x Jy
different subword pronunciations would be used for the current word.

Each subword unit is modeled by a single HMM. The most common form in the literature
is a three-state, transition constrained left-to-right model that represents context dependent
Rhonemes, such as triphones. A context independent example of this is shown in Figure 1(c).
At each time index ¢, the system must transition from one ‘state to another (possibly itself)
following the paths allowed by the subword HMM units, the word models, and the language
model. Each visit to a state will generate a single output vector, and it is this which is
actually observed, rather than the sequence of state visits, which is hidden.

Within each subword unit HMM, each state transition has an associated transition
probability, a;;, that given the system is in state ¢ at time ¢, it will transition to state j at
time ¢+1, as shown in Figure 1(d). The complete set of a;;’s for a given HMM is represented
by the matrix A. Transitions between subword units similarly follow an allowed set of paths,
with likelihoods given by whatever language model is being used. Each state j also has an

associated likelihood distribution b;(x) that can be used to calculate the probability that

the observation vector for frame t, x;, was generated by this state. The complete set of
parameters for these state output probability distributions for a subword unit’s HMM is
represented by the parameter vector B. While many possibilities exist for the form of b;(x)
the most common in the literature is an n-dimensional, K mixture Gaussian mixture PDF,
where n is the number of dimensions in the feature vector. Given a feature vector x;, the

probability that this observation was generated by state 7 which has K mixtures each with



weight ¢y, is:

bj(x:) = Prlxeg=1] ' 0
K
= ZCkN (}ij,zjk) (2)
k=1 . ) e
o 1 L \T il
= kZl (21_‘_)11/2 Izjk|1/2 exp _§(xt — H‘Jk) Ejk (Xt —_— y’]k) (3)

where p;;; and X, are the mean vector and covariance matrix of the £* mixture of state
7, respectively, ci is the probability of mixture k, and T in this context is the linear algebra
transpose. The final component of an HMM is the initial probability m; for each state j
of the model. For the standard left-fo-right HMM used to describe the time evolution of
speech, this corresponds to 7 = 1 for the initial state of the model, and T = 0 for all other
states. The set of all parameters required to describe the HMM of the single subword unit
w will be referred to as the parameter vector A, = (A, Buw, Tw), and the set of all HMMs
for all subword units will be referred to as A = (Ao, ..., Aw-1), where W is the total number
of subword units.

While the multiple levels above can be considered conceptually distinct, in implementa-
tion they can collapse into a single lattice structure, as shown in Figure 2. The horizontal
axis indexes the feature vectors extracted from the speech signal, and the vertical axis
indexes the complete set of all states in all subword unit HMMs. In order to perform

speech recognition, the goal is to find the most likely path through the lattice, given the

subword unit model parameters A, the models for generating words from these units, the
language model for generating phrases and sentences from these words, and observation
vectors Ox = (x1,X2,...,xr). Efficient methods exist for calculating this for the case of
a single, large HMM. Because of language modeling, however, a new wrinkle exists that
there are now multiple paths at the same time ¢ through the same state j that correspond
to different word sequences, and thus transition probabilities that are dependent upon the
history of the preceding word sequence. The typical method for handling this situation is
instead of keeping a compact score for each state in the lattice that gets updated for each

new speech frame, a list of “traces,” each with their own history information (including



State index —.

feature vectors———

Figure 2: HMM lattice decoding used for trace projection speech recognition.

- state and language model location) exist and are propagated forward for each new observa-
tion vector. By pruning this list of traces to keep only those that could reasonably be the

correct word sequence, processing can be performed in an efficient manner.

2.2 Feature Extraction

The LVCSR development in Section 2.1 specifically does not mention the form of the feature
vectors to be extracted from the speech wavefofm. The HMM is independent of the feature
set used, and the choice depends upon that which can best represent the information in the
speech signal, and be used in a compact fashion in computing the state output probabilities.

The basic feature vector extracted in most research speech recognition systems is the
Mel Filterbank Cepstral Coefficient (MFCC) parameter set [48). These have become the de

facto standard over LPC, filterbank, and other feature sets, because they are
e a compact representation of the smoothed speech spectrum,
e are well modeled by Gaussians with diagonal covariance matrices, and

e experimentally have been found to provide the best recognition performance.



MFCCs are calculated by passing the time domain speech signal z{n] through a set of 20
to 30 bandpass filters with center frequencies spaced along the mel scale, such that center
frequencies are spaced further apart as the frequency increases, as shown in the MFCC

extraction process flowchart in Figure 3. This set of filterbanks is often implemented by

Figure 3: Flowchart for extracting an MFCC vector from one frame of speech

windowing the FFT magnitude. Roughly every 10 milliseconds (the frame rate), a shapshot
is taken of the energy in each of these m filterbanks over an interval of 20 to 25 milliseconds
(the frame size). This m-dimensional observation vector is the linear filterbank energy

domain representation.

The logarithm is taken of each filterbank energy, such that by simple mean removal, any
constant frequency response terms are removed. This corresponds to removing frequency
shaping due to the transducer. |

The final operation is to convert this representation to the cepstral domain by taking the
inverse DCT. This serves to decorrelate the features [51], so that the covariance matrices
used in Gaussian mixture models of fea.tﬁre clusters are closer to diagonal, greatly reducing
both the amount of data required to train, and the computations required to decode. This

final vector is truncated to n components, typically 12, since the higher indices are related

10



to the pitch, which is not important for recognition (at least for the English language).
It is convenient to view this opefation as multiplying the log filterbank energy vector by
a m-by-n component cosine mat;ix, C. It is the resulting n-dimensional output that is
referred to as the MFCC feature vector. Traditionally the zeroth order MFCC coefficient is
replaced by a log energy term, although in practice this has little effect on the recognition
rate. - Retaining cep[0] is useful if reverse conversion from the cepstral domain back to the
filterbank log energy domain is needed, which is the case for several robust recognition
algorithms in the literature.

Typically feature vectors are extended to include their first and second derivatives. The
sequence of feature vectors extracted from a speech signal will be represented by O =
(x1,X2,...,Xt,...,X7) Where t indexes the frame of speech, and x; is the MFCC vector

associated with this frame.

2.3 Robust Speech Recognition

There are many reasons for mismatch between speech observed for recognition and the
conditions for which recognition models are trainedA[l, 22, 41]. Dialect, emotional state,
Lombard effect, room response, background noise, transducer response, and the transmis-
sion channel are some of the sources of mismatch that affect the observed signal, as shown
in Figure 4. In this system, speech that matches correctly with the models is the unob-

servable time domain sequence z[n], which matches exactly the conditions present in the

training data. If speech were collected by a close-talking microphone at the mouth, the
signal received, z[n], is still distorted from the matched signal, since it has a potentiallyl
different dialect, etc.

As a brief example of the detrimental effect on recognition that even seemingly minor
training/testing mismatches can create, consider the following experiment that was run
during the course of the research presented in this paper. The task was to test gender
dependent speech models in a phoneme recognition system using the well-known TIMIT
database. As expected, the results in Table 1 show that a gender dependent system out-

performed a gender independent system. An second intereting result, however, was when
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Figure 4: Block diagram of speech production mismatches

the gender-detection algorithm was accidentally swapped during decoding. This meant the

system used male-trained models to recognize female speech, and vice-versa.

Table 1: Gender-dependent phoneme recognition experiments.

Recognizer Phoneme
Type Error Rate
gender independent 52.9%
gender dependent 51.6%

gender dependent, swapped 70.2%

The suprising result was that while gender-specific models slightly improved recognition
performance, using models specifically mismatched for gender gave a much, much larger

decrease in performance. This simple example shows the importance of robust recognition,

because what would seem like a small mismatch between training and testing resulted in a
recognizer that performed much poorer than the matched version.

Robust speech recognition thus has the goal of minimizing the errors due to the mismatch
between training and testing environments. There are three standard approaches to this

problem:
e robust feature sets,
o feature transformation, and

e model compensation.
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It is assumed for the remaihder of this document that the feature set being used is already
appropriate for mismatched conditions. The rémainder of this section will thus review fea-
ture transformation and model compensation techniques, as it is by analyzing the strengths
and weaknesses of these methods that the need for a new algorithm will be seen.

Both of these methods require'some knowledge of the specific mismatch conditions that
they are facing. Thus prior to discussing these robust techniques, we will discuss methods

for estimating a distortion model.
2.3.1 Estimating A Distortion Model

An important step in performing feature transformation or model compensation is first to
obtain an accurate estimate of the background noise. The assumption is that while speech
is pseudo-stationary for only 10 or 20 millisecond segments, the noise is stationary for a
longer time — perhaps on a scale of seconds. Over the course of several seconds, it is almost
certain that there will be pauses in the speech signal, for example between sentences. If
these non-speech times can be identified, they can be used to calculate parameters for a
noise model, W. In environments with only small amounts of noise, the non-speech frames
can be identified with a technique as simple as looking at signal energy. In environments
with higher noise, a more sophisticated approach is required, using a voice activity detector
(VAD) which has the ability to discriminate speech from non-speech intervals. Recent
extensions allow for noise model updates even during continuous speech.

The model W most frequently used for model compensation is a single Gaussian mixture
in the MFCC domain. Feature transformations are often applied in the FFT or filterbank
energy domain, and often are first-order statistics, such as the expected value of the absolute

value of each FF'T bin.
2.3.2 Feature Transformation

The goal of feature transformation is to observe a noisy sequence, estimate the background
noise during this sequence, and generate a new sequence that more closely resembles the_

unobserved ideal clean sequence. Thus, given O = (yi,y2,...,yr) and W;, generate 6=

13



(f(l,)tg, N ,ﬁT), where

)A(t =F [let, Wt] . (4)

A graphical example for a distorted, one dimensional observation vector y; is shown in Fig-
~ure 5. Using some knowledge of thé environment conditions W;, Z; is substituted during the
decoding process. The transformation process, shown in Figure 6, can never be completely
accurate, as any distortion of serious interest has a many-to-one reverse mapping. But if
the estimate can at least be closer to the clean observation z;, in terms of state output
probabilities calculated for all the states of the model set, the acoustic matching scores will
be closer to those of the unobserved clean data.

This transformation can be implemented in a wide variety of ways. The simplest method
is to use a background noise estimator from the previous section and perform spectral
subtra'ction [7]. A more thorough method is to use a technique such as the Ephraim-Malah
optimal spectral estimation algorithm [16], or the Hansen-Clements constrained iterative
Wiener filter [30].

An advantage of feature transformation algorithms is that since they typically operate
on a frame-by-frame basis, is it entirely feasible to have different noise models W; specified
for every frame t.

The major drawback with feature transformation techniques is that effectively only the

model means are updated, and the variances are left unchanged. Thus, while recognition -

performance is improved, it is not taking full advantage of the available tools.
2.3.3 Model Compensation

Though there are several different algorithms to perform model compensation, they share a
basic framework. First, a background noise model W is generated during nonspegch times.
This background model, W, is then used to compensate the speech models to approximate
what they would be if they had been trained with data from this background environment.

To perform the compensation step, each individual HMM state in the model set is

considered independently. The goal is to update the state output probability distributions:
bj(xe) = f(bj(xe)|W) )
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where b;(x;) is the PDF giving the likelihood of state j generating observation vector z;,
W is the background noise model, and b;(xt) is a new PDF describing state j’s output
given W. |

A graphical example for a distorted, one dimensional observation vector y; is shown
in Figure 7. Using knowledge of the environment conditions W, :\y is estimated prior to
recognition begins. Dilring decoding, this model is substituted in place of A;. The model
compensation process, diagrammed in Figure 8, can be very accurate, nearly able to reach
matched conditions of training on noisy data (which, obviously, will have a higher error rate
than matched clean conditions). Thus by changing model parameters, improved recognition
during mismatched conditions can be achieved.

The most popular model compensation method is the PMC algorithm [24]. Every state
output probability PDF, b;(x), is transformed from a normal random variable (r.v.) in
the cepstral domain to a normal r.v. in the filterbank log energy domain. This is then
transformed into a lognormal r.v. in the linear energy domain. The same is done for a
Gaussian that represents the noise estimate Y. This results in a lognormal mean and
variance for the noise and for each Gaussian mixture in the model. Since speech and noise

are approximately additive in this domain, a new lognormal for each model mixture can be

generated by:

mjk + Mppise (6)

m;y,
Sjk = Sjk+snm'se (7)

for each mixture k of each state 7 in the model set, where m is a lognormal mean and S
is a lognormal variance. This new lognormal representation in the linear energy domain
can then be transformed back into a normal representation in the log energy domain, and
finally, transformed back into a new Gaussian PDF in the cepstral domain. Other model
compensation techniques, such as Vector Taylor Series adaptation, are described in [2, 23,
31, 35).

After every Gaussian in all HMM models of the speech model set have been updated

using this method, speech decoding (ASR) with the new HMM model set is carried out

16 -



Sfrom Ay

>

NS

Yt

Figure 7: Example of model compensation.

yln] Y distortion i
., modeler :

exteaton " eommStdliion f-——
HMM

. decoder.

:

recognition results

Yt

Figure 8: Block diagram of the model compensation procedure.

17



in the standard manner. There is no further computational overhead, but this entire new
model must be stored fqr each.input audio stream. The major drawback is that when the
background noise conditions change, every Géussian must be updated again. For a large
vocabulary system, it is not unreasonable to have-a total of 15,000 states, each modeled by
8 mixtures. With 39 dimensional feature vectors, a model update would require updating

almost ten million mean and variance parameters.

2.4 Baseline Recbgm’tion System

Section 2.1 described a lattice-based trace projection solution for Hidden Markov Model
LVCSR. Trace scores in this lattice are a combination of acoustic match likelihoods, and
language model match likelihoods. Given the assumption that the words, their pronuncia-
tion, and the sentence structure used by a talker are independent of the mismatch between
training and testing environments, the problem of robust recognition can be decoupled from
the language model used. While better performance can obviously be had by improving
the language model (or even by weighting it differently), it is a reasonable expectation that
improvements in the acoustic matching will be directly related to improvements in overall
recognition, even for large vocabulary scenarios. For this reason, the work in this thesis
will focus entirely on robustness at the acoustic matching level. Experiments use only the

simplest of grammars, and test either:
e whole word digit recognition, or
e phoneme recognition.

Experiments such as these are smaller, faster, and were found easier to analyze that running
large dictation experiments. Further, the direct effects of the robust recognition algorithms
are easier to detect, as the final results are not “muddied” with side effects from other parts
of the recognition system.

The baseline recognition system used for the work in this thesis is based upon the pro-

totype speech recognition system freely available from the Institute for Signal and Image
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Processing at Mississippi State University. The system lises a Baum-Welch training algo-
rithm, and a trace-projection decoder. The source code for the ISIP recognizer is available
for download, allowing the modifications necessary to implement the algorithms developed
as a part of this research.

Whole word digit recognition was based upon the standard Aurora2 implementation.
Aurora2 was designed for the HTK recognition system, a research package available from
Cambridge University. However, the model parameters such as states per wdrd and Gaus-
sian mixtures £)er state were easily replicated using the ISIP system. The Aurora2 standard
is 16-state HMMs for each of the 11 words of the TIDIGIT database, with three mixtures
per state.

Phoneme recognition experiments used the standard TIMIT database, with phonemes
converted to the 41 element CMU phoneme set, shown in Table A.1. This set was used
instead of the standard TIMIT 52-phoneme set because a 130K+ dictionary using the
CMU set was also available. While no experiments reported directly in this thesis used
large vocabulary dictation, and thus needed such a dictionary, side experiments to satisfy
the curiosity of the author were performed that required one. In order to allow sharing
of models, training scripts, and transcripts between many experiments, then the TIMIT
transcripts were converted to the CMU phoneme set, and used throughout.this thesis.
Phonemes were modeled by three state, left-to-right HMMs, with 32 nﬁxtures per state.

In the ISIP recognizer, context-dependent triphones are possible, although the phoneme
recognition experiments in this thesis used only context independent phoneme models. In
particular, this was because cross-word triphone decoding is extremely computationally
expensive, especially for phoneme recognition, where every word is only one phoneme long.
The ability to better model speech comes at a steep price: the rapid expansion of traces that
must be retained for accurate decoding slows fecognition. It was found experimentally that
by increasing the mixture count in phonemes to give HMM sets with a similar number of
parameters as found in a triphone model set (i.e., 40 3-state HMMs with 128 mixtures apiece,
instead of 1000 triphone HMMSs with six mixtures apiece), running in context independent

mode gave recognition accuracy within a few percent of the triphone system, in roughly one
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thirtieth the time. To further speed development, the number of mixtures was cut to 32,

trading again errors for speed. A summary of baseline results is given in Table 2.

Table 2: Baseline error rates for phoneme recognition experiments.

Phoneme  Number  Mixtures Phoneme Hours Required
Type of HMMs Per HMM Rate For Decoding

triphone 800 8 34.2% 08
monophone 41 128 36.3% 39
monophone 41 32 38.7% 1.8

: The features extracted for this thesis are MFCC vectors, as described in Section 2.2.
A preemphasis coefficient of 0.97 is always used, as is a set of 24 mel-spaced filterbanks
that span 0-4kHz. Unless otherwise specified in a particﬁlar section of this thesis, the
extraction method converts the 24 filterbanks to thirteen MFCC coefficients. The zeroth
cep coefficient, cep[0], is then replaced by the log energy of the frame. First and second

derivatives are taken across multiple frames, giving a final feature vector of length 39.

20



CHAPTER III

THE UNCERTAIN OBSERVATION DECODING
ALGORITHM

The background section presented an overview of current approaches to feature enhance-
ments and model compensation for robust speech recognition. These two methods were
shown to have opposite strengths and weaknesses in terms of their ability to handle time-
varying noise, and their overall ability to improve recognition accuracy. This chapter will
present the first major contribution of this thesis: the Uncertain Observation (UO) decod-
ing algorithm [4, 5]. This method will combine the strengths of both feature enhancement
and model compensation, resulting in a new, superior algorithm. |

Uncertain Observation decoding is an extension of the standard HMM in which state
output probability calculations are augmented to take PDF representations of each input
frame, instead of single fixed poinfs. By incorporating feature uncertainty, the method
allows performance superior to that available by feature compensation alone. Further,
since feature uncertainty is included with each feature frame, time-varying distortions can
be handled easily.

This chapter will first review the shortcomings of current robust recognition techniques,
after which the desired characteristics for a new algorithm to address these problems is
discussed. The new technique will be motivated by increasingly more complex examples,
resulting in the new general algorithm that uses Uncertain Observations. This is followed
by a detailed description, and several interpretations of the derived equations. Special
cases will then be covered, in particular the case where a single-mixture Gaussian PDF' is
used to model the likelihood of unseen clean features. This formulation allows simple and
efficient integration into existing speech recognition systems. An analysis of this method is
covered in detail, showing the accuracy improvexhents that it can provide while addressing

the shortcomings of current robust recognition methods. Finally, similar techniques recently
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described in the literature are compared to the UO method of this thesis.

3.1 Problem Description

The goal of this thesis is to develop a new algorithm for robust speech recognition. Thus
a quick review of the shortcomings to current techniques is appropriate. As discussed in
the previous chapter, robust techniques fall into three major categories: robust feature
extraction, feature transformation, and model compensation. The first of these, although
important, is independent of the actual HMM decoder, and for this thesis, it will be assumed
that a good feature set is already in use. The second and third categories directly affect
the recognition engine, and it is at this level where the work for this thesis will focus.

In Section 2.3, feature transformation and model compensation were described in detail.

Here, we will summarize the pros and cons found for these two techniques:
Feature Transformation

v Allows time varying updates of the distortion model, W;.
X  Effectively only updates model means.

X  Only mediocre performance improvement achievable.
Model Compensation

v Updates means and variances of Ay, giving better performance.
X Must re-update all parameters of Ay if W changes.

X Requires storage for the new model Ay.

- Thus, the desired result of this research is a method that combines the positive character-

istics of these two methods. The new recognition algorithm should:
=  allow for updates to both model mean and variance parameters,
o  these updates should be able to change rapidly, and

©  implementation should be efficient.
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The remainder of this chapter will present and analyze a new algorithm that uses a model

of feature vector uncertainty to meet these criteria.
3.2 Motiwwating Example

In order to develop the Uncertain Observation method for robust speech recognition, a
motivating example will be used to demonstrate progressively more complex models of
distortions. It will also show in a straightforward manner how these models can be handled
in a frame-by-frame manner at the level of the state output probability calculation, as an
extension of the feature transformation method of Section 2.3.2. The end result is a generic
formulation of the UO algorithm for speech recognition decoding.

To begin this motivating example, recall from Chapter 2 that in a standard speech
recognition system, a 20-30 millisecond long frame of speech is extracted approximately
every 10 milliseconds, with a single observation vector x; being extracted from each of

these frames, generating the observation sequence

Ox = (X1,X2, ..., XT) (8)
for frames ¢ € [1,T]. The language model and HMM structure are used to prune the list
of states in the model set to find those states that are sufficiently likely for frame ¢. For

each of these states j, the likelihood that observation frame ¢ could have been generated is

calculated using the state output probability equation:
Prixe|gr=j] = bj(x) (9)

where q; = j denotes that the HMM is in state j during observation frame t. This simply
corresponds to evaluating the PDF that describes the output probabilities of state j at the
single point X;.

During a distortion, however, the observation speech sequence will instead be

Oy = (ylayZ’ "-ayT)a

with each feature vector y; being some transformed version of the unobserved clean signal
x; and the current distortion:

Yt = g(xta Wt)
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If information is known about how this transformation affects feature vectors in general,
then this can be used to generate expected values for the clean speech vectors. This is.
standard feature transformation as described in Section 2.3.2. A one dimensional example
of this is shown in Figure 9, where the observed feature y; on the numberline on the right is
mapped one-to-one to Z;, on thé numberline on the left. It is then this feature vector that

is used in the state output probability calculation:

Prlya=j] = Prl&:|q=j] (10)

= b;i(&). (11)

~L yt

Figure 9: Feature Transformation of an observation distortion, showing a map-
ping between the observed, distorted point y; (on the numberline to the
right) transformed to 2, the expected location of the unobserved, clean
observation point z; (on the numberline on the left).

This is shown graphically in Figure 10. In this figure, the probability of the observation
yt- is calculated for state j using the output likelihood PDF b;(z) associated with state j
evaluated at ;.

. Consider now the case where the exact form of the transformation g(-) is not completely
known. In particular, suppose an observation frame can be represented by two equally likely
“sub-observations.” A representation of this situation is shown in Figure 11. The single
dis‘gorted observation y; can be mapped to either location Z; ; or Z; 2, with equal probability.
In this case, a reasohable method for calculating the state output probability for this frame

would be to average the output probabilities of the individual sub-observations, as follows:

. 1 1 .
Prly:|gi=j] = §bj (£4,1)+ §bj(~'ﬂt,2)- (12)
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Figure 11: Example of feature transformation when the distortion maps to two
equiprobable points in the clean feature domain.

An example of calculating this averaged output probability of Equation 12 is shown
graphically in Figure 12. While this does not give the ideal results available in the previous
one-to-one mapping case, it will give better expected performance overall than selecting
either only one point "to evaluate (giving either b;(£:,;) or b;j(Z:2)) or evaluating the state
output probability c‘>f an ‘éverage location, b;(0.5(%¢,1 + £¢,2)).

This method of averaging discrete state output probabilities can easily be extended in
two ways. First, the number of sub-observations can be ihcreased to some arbitrary value,
M. Thus y; will be represéntéd as the set of sub-observations £; ; through Z; . Second,
the likelihood of each mth sub-observation can be assigned an unequal probability pm,
with the constraint that Ziw pm = 1. This scenario is represented in Figure 13, with m

sub-observations for y;.
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Figure 13: Example of decoding with m equiprobable points.

The output probability for y; in this case is given by the following equation:

M M
Prlyilg=il = Y  pm - bj(Xtm), where Y  ppn = 1. (13)
“m=1

m=1
This is the general formulation of the Uncertain Observation decoding algorithm for discrete

feature transformation.

3.8 General Formulation

In reality, all observations ultimately are stochastic. In well controlled scenarios, the vari-
ance of the observations may be low, but especially as noise, compression, and other distor-
tions afe introduced, observatioh uncertainty increases. This leads to the representation of
each observation vector not by a single deterministic point in space, but instead by a PDF

describing the likelihood of any given point in feature space, given the distorted. observation
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and whatever is known about the existing distortion coﬁditions, such as background noise.

Thus the discrete case of the Uncertain Observation algorithm described in the previous
section can be expanded. Instead of a discrete set of possible observations, consider the
. case of a PDF that describes the likelihood of all possible observations. This might arise in
a scenario where, due to background noise or other effect, the true observation x; cannot
be observed, but a likelihood distribution fi(x) can be found which describes the ideal
observation x; by using the noisy observation y; and some model of the background noise
W;. Thus, for each noisy observation y;, a PDF is generated to describe the original clean -

frame x;, giving the new observation sequence:

o' = (fl(x))f2(?()a"-’fT(x))a (14)

where f;(x) = Pr[x|y:, W] is a PDF whose parameters are some function of y; and W;.
Various methods for finding this PDF will be discussed in Chapters 4, and 5. The probability
of this observation, given the model is in state j, can now be written as an integration of

all possible observations, weighted by their respective probabilities:

This is the general formulation of Uncertain Observation decoding for continuous feature
PDF extraction.
As an example, consider Figure 14. The original, undistorted vector z; could not be

observed due to background noise, and instead y; was observed. What is known, however,
is that the likelihood of ‘x given y; can be described by the uniform distribution f(z), shown
in Figure 14(a). Using Equation 15, the probability of of this observation being generated
by state 7 can be calculated. Graphically, this is the integral of the curve illustrated in
Figure 14(b).

A block diagram showing a typical implementation of this algorithm is given in Fig-
ure 15. This can be compared to the algorithm flowcharts for feature transformation and
model compensation, 'given in Figures 6 and 8, respectively. Unlike feature transformation,
variance information is being updated, in the form of the uncertainty included in the fea-

ture PDF f;(x). And, unlike model compensation, the baseline speech models Ax are used
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[
e

3.4 Interpretations

Two interpretations of the Unce?fain Observation decoding algorithm of Equation 15 are
given in this section. First, it iS‘éhoWn that formulation is equivalent to an expected value
of the state output probability conditioned on the distortion. Second is an interpretation

as a Bayes decision theory problem, but with uncertain feature data.
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3.4.1 Expected Value Interpretation

In the development of the UO algorithm in Section 3.3, the left side of the state output
probability equations were shown to be Pr [y:|g:=j, W:]. This section will present another
representation that is important because of its intuitiveness: the expected value interpre-
tation. The basis is to note that the right side of the Uncertain Observation decoding
equations can be shown to be equations for conditional expected values.

The discrete feature transformation case (Equation 13), is easily related to the standard

form of conditional expectation of discrete random variables, as shown below:

M

Prlyilge=s] = Y Pm-bj(Xtm) (16)
m];/[—l

= > Prfxemlye, Wil - bj(xem) - (1)
m=1

= E[bj(xt,m)|yt,Wt]. (18)

= E[Pr[xlqt=j] |yt,Wt]. (19)

A similar approach can be taken with the continuous PDF version of UO decoding given
in Equation 15. Again, the right side of the equation can be written in the standard form

of a conditional expected value (for example, [45], p. 169), this time for continuous random

variables:
Prividacs) = | " L0k (x)dx (20)
= [ Prixiy, Wi Prixla=s] ax (21)
= B[Prixlas=illys, W (22)

For both the discrete and continuous cases, Uncertain Observation decoding can thus
be considered equivalent to solving for the expected value of the standard state output
probability of state j, given the current model for the distortion, W}, and the distorted

observation vector, y;.
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3.4.2 Bayes Decision Theory Interpretation

Another interpretation of tfle decoding algorithm given in Equation 15 is as a Bayes Predic-
tive Classifier (BPC) [44]. This classification methodology, which has received little mention
in standard pattern recognition texts, is similar to standard Bayes decision theory, except
the parameters normally ;;onsidered as being exactly known a priori are represented instead
by distributions over another set of parameters. This section will present first the standard
HMM decoding algorithm as a Bayes optimal classification problem, and then extend it to
the BPC form when the observation data is uncertain. Credit for this interpretation goes
to a soon to be published work [12] by researchers at Microsoft who worked in parallel (and
independently) on Uncertain Observation decoding.

The basic form of a state-of-the-art speech recognizer uses training data to generate
an acoustic model Ax and a language model I" that completely describes human speech.
The goal of recognition is then to find the optimal word sequence W which, for a given

observation sequence Oy, finds:

A

W = arg mue}xPr(W]Oy,Ax, ) (23)

which, using Bayes’ rule can be rewritten

. _Pr(Oy|W, Ax,T) Pr(W|Ax,T)
W = argmax Pr(Oy[Ax,T) (24)
= arg mugxPr(Oylw, Ax)Pr(W|D) (25)

This is known as the maxih"mni‘ a zic.gteriori (MAP) decoding decision because it finds the
sequence with maximum likelihood after the sequence Oy has been observed. It gives the
optimal result, achieving the minimum.ekpected word error rate assuming all parameters

|

are completely known. .

The resultg' of Equation 25 is: separated into two independent parts: Pr(W|I'), the prob-
ability of the word sequence. ngiyen the language model I, and Pr(Oy|W, Ax), the prob-
ability of the observation séque“nce Oy given both the word sequence W and the acoustic
model Ay. If the assumption is ‘made that the language model F is independent of the envi-

ronmental conditions, only the first term is going to be affected by the acoustic environment.
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This first term is found by noting that for every state sequence q, q = (q1,492,...,97), and

using Markov state independence assumptions gives

Pr(Oy,qlAx) = Pr(Ovla,Ax) Pr(alAx) (26)
= [ﬁl Pr(ytlg:, Ax)] Pr(q|Ax) (27)
t=
The total probability can be found by summing over all possible state sequences:
Pr(Oy|Ax) = S Pr(Oy, §|AX) (28)
all q

The typical approach for speech recognition is to use Viterbi decoding to generate only
the single most likely state sequence §, and compute Pr(Oy|Ax) conditioned upon this se-
quence. Substituting in the state output probabilities b;(y:) from Equation 9 and transition

probabilities a;;’s,

Pr(Oy,d|Ax) = g, bgy (YI)aqmz bg, (y2) ... Qgr_1qrber (yr)- (29)

From this the standard approach to speech recognition can be seen as the MAP classifier
optimal in the sense of minimizing expected word errors. Since the model parameters Ax
and I" are found from training data, and are not necessarily true representations of the
underlying distributions, this approéch is often referred to as the plug-in MAP classifier, as
the best guess at model parameters are plugged-in, in place of the true distributions.

This method can be extended to what is sometimes referred to as the Bayes Predic-

tive Classifier (BPC). BPC also solves for a MAP solution, but allows for data (or model
parameters themselves) to be specified by probability distributions, ‘conditioned on some
other set of (known) parameters, in this case the mismatch model W. Following the analysis
given in [53], the method of handling unknown parameters is to integrate them out from

the conditional distribution, given the data. Performing this on Equation 25 yields

a

W —arg m”e}x/ p(Ox|Oy, W, Axt, W) p(Ox [W, Ax, W) Pr(W|T, W) dOx  (30)
Ox '

—arg sggx | [ (Ox10%, W) (OxIW, Ax) dOx | PrOVID (31)
X ' N .

Only the bracketed term in Equation 31 is dependent upon on the mismatch between

training and testing conditions, W. This term can be found by summing the probability
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of the single state sequence q over all possible state sequences. As was done for stan-
dard method above, the probability of some state sequence q can be found using Markov

independence to be

/O p(Ox, a0y, W) p(Ox, W, Ax) dOx = (32)

- [ [ #(©x1a,0%,W)3(©xla, Ax, W) dox] Pr(qlAx) (33)
T

- [H / p(xlye, W) p(xlge, Ax) dx} Pr(qlAx) (34)
t=1vX

Recognition can then follow the same path as described in Equations 25 to 29, except

that the state output probabilities are calculated as

Prlyslg.=j, Wi = / p(xlye, Wi)p(xlgi =) dx (35)

which is identical to that developed for UO decoding in Equation 15.

From this development, it is now clear that a BPC decoding formulation (which includes
knowledge that the observation vectors themselves are uncertain) is,identical to standard
decoding, except that the state output probability calculation of Equation 9 is replaced with
the UO state output probability of Equation 15. Thus UO decoding inherits the properties
of .a BPC classifier. UO is thus the optimal decoder, given model parameters Ay, mismatch
model W, and features described as conditional PDFs.

A method related to this was described in [31], except in that work it was the model

parameters, A, that were considered unknown, as they had changed due to the mismatch
between training and testing environments. Thus that method was another form of model

adaptation.

3.5 Special Cases

Several special cases are worth considering. First is the case of absolutely known feature
vectors (i.e., when no‘distortion is present). Second, is the case of completely unknown
feature vectors. Finally, the important special case of Gaussian observation PDFs will be
covered, as this form is how UO decoding will actually be implemented in the remainder

of the thesis. Both single- and multi-mixture normal random variables will be considered.
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Finally, uniform PDFs will be presented, as an example that any PDF could potentially be

used to model observation likelihoods.
3.5.1 Known Undistorted Feature Vectors

An analysis of the decoding algorithm of this thesis shows that in the absence of noise, the
recognizer will perform as well as a matched-condition system. This can be seen by noting
that when it is known that there is no distortion present, the observed feature vector y; is
exactly equal to the clean, ideal feature vector x;. This can be modeled in the PDF feature

domain as a Dirac delta function:
fi(x) =6 (x —x) (36)

Plugging this into the UO integral gives

B|Prlxlgi=i] Iy W] = Prlyelai=s, W] (37)
- /_Z £:(8) - b;(9) d9 (38)
= [ sw-x) pe)as (39)
= bj(x:) (40)
= Prlx¢|g:=j] (41)

which is exactly the state output probability calculation for standard HMM decoding.

The conclusion that can be drawn from this special case is that in the absence of any
distortion, application of the UO decoding algorithm will not adversely affect recognition,

retaining optimal decoding for matched conditions.
3.5.2 Completely Unknown Feature Vectors

Another special case is when some distortion has completely obliterated a feature vector or
series of feature vectors. This can be the case in extremely noisy environments with very
low signal to noise ratio, or in a Voice over IP or wireless communication system where
_groups of packets of audio data can occasionally be delayed long enough to require being

considered lost for the purposes of real-time communication. For very short bursts of noise
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or dropped packets some type of interpolation of feature vectors is possible, as is done in
current speech coding algorithms, such as G.729 and MELP. This is referred to as Packet
Loss Concealment. For this section, however, the assumption is made that interpolation is
not possible, and no information at all can be obtained about the audio signal. .

The feature PDF for such a case can be represented as a uniform random variable
fi(x) = u(x) = up - (42)

across the entire range of the finite feature space R, representing that any one feature vector
is equally likely as any other. Using the identity that the integral of any probability density
function (in this case bj(x)) across its entire range must equal to 1, UO decoding using

Equation 15 gives:

E [Pr [x|g:=7] |Yt,Wt] = Prly:|q:=4, Wi (43)
- /R £:(9) - b; (9) d® (44)
= / u(®) b;(B) dV (45)
R
— u /R b;(9) d¥ (46)
= wup (47)

Thus, the score for every state j in the model will be equal to the same constant wu.
This implies that acoustic information will penalize every state and every phoneme equally
in all projected paths internal to the HMM decoder. Decoding will thus rely solely on state
duration and context information available from the language model, as would happen if a
human were performing the recognition problem. Unreliable acoustic information is ignored,
and this is the entirely desirable result.

Obviously the scenario of completely unknown vectors is somewhat unlikely. With
interpolation, multiple description coding, or other packet loss concealment techniql.les, only
in cases of multiple dropped frames spanning a phoneme changes would acoustic information
be completely unknown. And then, only in cases whére duration and language modeling
could still span the lost acoustic information would robust recognition schemes even be

relevant. Thus for many communication applications, a more appropriate model is one
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showing information loss as a growing variance as length of a burst of unknown feature
vectors grows in length. This subject is covered in much more detail in Section 5.3 for the

specific case of bursts of lost packets on a communications channel.
3.5.83 Gaussian Observation PDFs

The typical modern HMM-based speech recognition system uses Gaussian mixture distri-
butions to model state output likelihoods b; (y:), as described in Section 2.1. Given this,
a very efficient implementation of UO decoding is to model observations PDFs as single

mixture Gaussian of mean p, and covariance X;:
fe(x) = N(x; g, Be). (48)

For many distortions and feature extraction methods, this is a reasonable method of repre-
sentation, as will be shown for various applications in Chapters 4, 5 that follow.
Substituting the single mixture Gaussian observation PDF into the UO decoding integral

in Equation 15 gives
B[prlvdasillyo W] = [ 70)- b (49)

= / N@, py, S) - ZchN(ﬂ ik, Sjk) 9 (50)

= z_:cjk /R nN(ﬂ,ut,zt)N(e,ujk,zjk) dd (51)

K
= ek N3 jes Bt + D0, (%2)

k=1
- Z[ Cj
)y 5,77

i exp {—% (= p,) " B (ﬂt—ﬂjk)}] (53)

where X, = X, + X4, and k indexes mixtures within the jth state’s Gaussian mixture
distribution.

To show how Equation 52 follows from Equation 50, begin with the well known equation

35



for the convolution of Gaussians, evaluated at zero:

0= [ 7@ -2 ds| = (o) lemg (54)

u=0

where
filz) = N(z;m, %)
fa(z) = N(z;p2,%») and

fa(z)

N (z; p1+p2, X1+ 2o)

If we define f4(z) = fo(—z), then fa(z) = N(z;p4,24), where pg = —po and Ty = .
Thus fs(—z) = N(z; pe, X2). Substituting this into Equation 54 gives

[ 1@na-0ds| = i@l (55)

u=0

[ 1@n@ i = #@)le (56)

with f3(z) = N(z; p1— p4,X1+24) which is sufficient to show Equation 52.

The important consequence with this special case is that if a single mixture Gaussian
can be used to represent the feature PDF, then the state output probability éalculation
itself will remain a K mixture Gaussian evaluation, and is thus identical in complexity to
standard HMM decoding. The only extra computations required are only those to generate

the new inverse covariance matrix 31, and the covariance determinant |Z,|. Finding these

is required on a per-frame basis, and thus is a nontrivial extension, but the overall cost is
still less than a factor of two. Section 3.6 will cover the computational complexity of this

particular formulation in detail, including numerous shortcuts.
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3.5.4 Gaussian Mixture Observation PDF's

The previous formulation using a single mixture Gaussian for the observation PDF can be
extended to further cover the case of having a Gaussian mixture model (GMM) represen-

tation with L mixtures. The state output probability is

E [PT [yila=4] |y, Wt] =

- /R £:(8) - b;(9) d9 (57)
L K
=. /R (th,zN (ﬁ;ut,z,ﬁt,l)) <chkN (ﬂ;ujk,Ejk)> dd (58)
=1 k=1
L K
= ZZCt,thk/ N(; pe 1, Be) - N (95 pj, Bjx) dd (59)
=1 k=1 Rn
L K
= Z Ct,ICjk N('B;”jk,xjk'l‘zt,l)lﬂ:u“ (60)
=1 k=1 '

There are two important issues with this GMM situation. First, is that in the case of
the single Gaussian feature PDF the state output probability equation remained similar in
computational complexity to the original decoding equation, requiring only the evaluation
of a K mixture Gaussian. For the GMM formulation, a total of L such evaluations are
required. Thus this is a computationally expensive extension to the basic single Gaussian
evaluation.

Further, it will be shown later in this chapter that it is important that the feature PDF

be accurate. As with any technique which usesAé model to simplify the description of a
real world scenario, when the model is inaccurate or used improperly, performance will
drop.' The GMM feature model requires moré parameters, and thus is more susceptible
to improper modeling unless caution is exercised in its application. In Section 4.3.2 we
cover a novel method for PDF feature extraction that is actually appropriate for the GMM

scenario.
3.5.5 TUniform Observation PDFs

The general form of the UO decoding equation allows for any observation PDF to be chosen.

Thus, while most implementations would no doubt use the Gaussian or mixture Gaussian
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versions discussed above, it is of course possible to use other forms. One obvious example
is the uniform distribution,

fi(x) ~U(a,b) (61)

Consider, for example, the case of a vector quantization system. The full feature space is
broken into I regions and during compression each observation x; is assigned to one of these
regions. During transmission, only the index ¢ of the region is sent. If this index were used
as input to a UO decoder, and the assumption is made that any point within the region is
equally likely, then the appropriate observation PDF is a uniform random variable covering
region ¢ of the feature space.

The state output probability for d-dimensional feature vectors can, for the case of a

uniform observation RV that is separable across dimensions, be written as

B[Priyelailly W] = [ £(9)-b;(0) a9 (62
i
1
- /a =1 b5(9) & (63)
D
=Y = (F(b0) ~ Fy(aa) (60
d=1 d — ad

where d indexes the dimension, and Fj(z) is the cumulative distribution function for state j

evaluated at z.

3.6 Complexity Analysis

There are several components required to analyze the computational complexity of the
UO decoding algorithm. First, the model for the current distortion must be generated.
For some scenarios this model does not change, for example, a global model of a speech
compression algorithm. For cases scenarios that truly harness the full capabilities of UO
decoding, however, this distortion model is time varying. The best example of this is
speech recognition in the presence of nonstationary background noise. For such a scenario,
the distortion model

W = (Wi, W, .., Wr) (65)
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~ and some amount of computation is undoubtedly required to generate the new noise model
W, for each frame ¢. This computation of course is dependent upon the type of distortion,
the nature of the model, and the particular implementation chosen, and thus further general
analysis cannot be made here.

Similarly, YW must be used in order to generate the observation PDF sequence, O’ =
(f1(x), fo(x), ..., fr(x)), and the complexity of this operation is implementation depen-
dent. Several methods for computing such a sequence will be covered in this thesis. The
first methods, described in Chapter 4, give several techniques for use during nonstationary
additive background noise. 'The methods range in computational complexity from being
an extremely efficient mapping lookup, to being én iterative Monte-Carlo based estima-
tion scheme requiring more computations than speech recognition itself. Other methods
described in Chapter 5 highlight PDF sequence generation to handle distortions encoun-
tered in distributed speech recognition. Compressed feature vectors, compressed speech
waveforms, and packet-lossy channels are modelled as uncertain features, and compensated
using UO decoding. The computational complexity for generating an observatioﬁ PDF se-
quence in each of these cases will be shown to be minimal in relation to other aspects of
recognition.

As for the actual decoding process, the amount of computation is related to the choice
of the form of the observation PDF. For example, a Dirac delta function described in
Section 3.5.1 implies no extra processing. For the uniform distribution of Section 3.5.5, a
large number of Gaussian cumulative distribution functions must be evaluated.

Probably the most useful observation PDF is the single mixture Gaussian déscribed in
Section 3.5.3. Depending on whether a full or diagonal covariance matrix is used, the amount
of extra computations required by UO decoding can be quite limited. The remainder of
this section will look at the Gaussian case in more detail.

For the Gaussian observation PDF, the state output probability computation remains
just the evaluation of a single Gaussian. Due to UO, however, there are two changes. First
is the evaluation location, which shifts from y; to the mean of the dbsérvation Gaussian,

%;. This obviously requires no extra processing. Second is the change to the covariance
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matrix. The new covariance matrix, X,, is a function of both the covariance of the state
being evaluated, X¥;x, and éthe'covariance of the observation PDF, 3. Being a function
of the observation, the new covariance cannot be calculated until it is time to decode the
frame. Assuming that speech is modeled with a diagonal covariance Gaussian, as is almost
always the case, X, can be generated by IV additions regardless of the type of observation
covariance matrix.

Because a new covariance matrix is generated for each frame, X! must be recomputed.
For the general case of full covariance matrices, this is a computationally complex evalua-
tion, although the positive-definite symmetric form of covariance matrices does make the
problem much smaller than general matrix inversion. Using a linear algebra package such as
LAPACK, this is accomplished by a Cholesky factorization (spotrf in LAPACK), followed
by a Cholesky-factorization-specific matrix inverse (spotri), giving an O(N.2) operation.
If the observation PDF also uses a diagonal representation, the inverse only requires N
divides.

A further amount of computation comes from needing a new determinant, |X,|. In any
current ASR system, the determinant of || is a precomputed value stored inside the
acoustic model. For UO decoding, this is no longer possible and must also be computéd
for each frame. In both the full and diagonal covariance cases, this requires another N — 1
multiplies, multiplying along the Cholesky factorization diagonal for full covariances, and
along the diagonal for diagonal covariances.

If the implementation-specific computation of the observation PDF is ignored, the re-
sulting computational burden of the UO state output probability calculation with diagonal
covariahce observation PDFs is rbughiy 5 floating point operations for every 3 required
by standard decoding. In a typical large vocabulary system, these Gaussian evaluations
are roughly 50% of the processing burden [50] (with language modeling being the majority
of the rest), resulting in the extra processing is expected to be approximately 33% of the
overall system load. Experiments timing only the output probability calculation verified
this value, as is shown in Table 3. Also shown are experimental results for full covariance

Gaussians in UO decoding when using 13-dimensional feature vectors.
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Table 3: Computational overhead for UO Decoding, with 13-dimensional feature

vectors. i
Observation Covariance Order of UO  Experimental
PDF Model Structure Overhead  Results, Timing
Dirac delta, 6(x — y:) N/A N/A 1.0 x
single mixture Gaussian  diagonal O(N) 1.3 x
K mixture Gaussian diagonal O(KN) 1.3K x
single mixture Gaussian full O(N?) 32.2 x

This extra computational burden is, however, not necessarily required. Consider the
case of ASR in the presence of additive background noise. The dynamic range of speech is
large enough that the local SNR of frames, even closely related in time, can vary signifi-
.cantly. While some low energy frames will be completely lost and many frames somewhat
affected by the noise, some high energy frames occurring during voiced speech will only be
slightly affected by the noise. For frames such as these, the observation PDF f; will have
component variances along the covariance matrix diagonal small enough that the PDF can
be effectively reduced to a Dirac delta function. As shown in Section 3.5.1, this reduces to
nothing more than using the standard decoding output probability equation given in Equa-
tion 9. Covariance matrix updates are no longer necessary, and the extra computational
burden due to UO is zero for this type of frame. In moderate noise, a similar situation
can occur for nonspeech frames. In such a scenario, a voice activity detector can be quite

successful at finding near enough the onset and end of speech activity. Nonspeech frames

can thus be easily replaced with by a “typical” nonspeech feature vector, and the Dirac
delta approximation again used.

An example of the computational complexity required during additive noise environ-
ments can be seen in Table 4. The experiments in this table are based on the 0dB SNR
subset of the Aurora2 noisy digit experiments described in detail later in Section 4.3.1. Four
recognition systems are used. First is a baseline recognizer using mismatched noisy obser-
vation with clean-trained models. Second is the same system, but using the MCMC-AR
feature transformation method that will be'described in Section 4.3.1. Third is the same

as the second, but now using UO on all frames during decoding. The observation PDFs
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are single mixture Gaussians with diagonal covariance matrices. Fourth, is the UO system
with the ability to replace certain frames with Dirac delta PDF's as described above. Note
that these experiments are for a small vocabulary example with no language model (any
digit is allowed to follow any other digit with equal likelihood). Computational overheads
would thus proportionally decrease in LVCSR systems employing extensive language mod-
eling during the search. If fifty percent of the computation is again assumed to be language
modeling, this shows that UO can, in a noisy environment, be implemented with only a
15% continuous computational overhead when compared to the standard speech decoding
method. The tradeoff is performance. While the baseline UO method is able to remove
around 10% of the errors after feature transformation, the frame selective method is only

half as effective, removing around 5% of the errors.

Table 4: Computational burden of UO decoding in an additive noise environment
with no language modeling.

Recognition Time required Word Error Computational
system (minutes) Rate Overhead
standard 9.7 84.7% —
feature transformation 9.7 37.6% —
baseline UO 14.9 34.3% 53%
frame-selective UO 12.6 35.8% 30%

Another implementation issue related to algorithm complexity is that of memory. Since
in a modern recognition server there might perhaps be hundreds of input streams being
decoded simultaheously, it is beneficial to reduce the amount of stream-dependent memory
required. While a few parameters are of little consequence (for example, the single number
representing the vocal tract scaling factor, for Vocal Tract Length Normalization), typical
model compensation techniques such as PMC require completely new sets of model param-
eters. In a large vocabulary system, this can be several million new parameters that must
be stored for each stream, resulting in potentially several gigabytesbf stream-specific model
data for a speech server. The UO framework, however, does not require any updates to the
original speech models A, during decoding. Thus the same speech models can be shared

among all input streams. In this respect, the UO technique has significant memory benefits
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over other model compensation techniques.

An final issue with UO complexity is that there is an extlra bandwidth cost associated
with distributed speech recognition environments. This cost is in the feature extractor,
which now must output two parameters (observation PDF fi(x) ~ N (x; p;, 2¢)) for what
used to be just one (speech feature vector y;), assuming a single-mixture Gaussian as in

Section 3.5.3.

3.7 FEzxperiments with UO Decoding

The basic performance of the Uncertain Observation decoding algorithm will be demon-
strated through several experiments in this section. First, the recognition system used
throughout the experiments of this thesis, both in this chapter and in later application
chapters, is described in detail in Section 3.7.1. This is followed by discussions of several
types of baseline experiments. Artificial distortions are used in these experiments in order
to allow the performance of UO decoding to be simulated in a controlled manner under

several conditions.
3.7.1 The Recognition Engine

The source code for the training and decoding algorithms was originally taken from Missis-
sippi State University’s publicly available prototype research recognition platform for large
vocabulary speech recognition created by Institute for Signal and Information Processing
(ISIP) department [49]. The Uncertain Observation decoding algorithm was integrated into

this framework, allowing several ‘types"of observation PDFs:

o multimixture delta functions, |
‘ [

e single mixture, diagonal covariance Gaussians,
by

N [
e multimixture, diagonal covariance Gaussians, and

[ M Y
P

e single mixture, full covariance Gaussian.

The specific model chosen from this set is flexible, and can be changed on a per-frame basis.

While other options for observation PDFs such as uniform, Laplacian, truncated Gaussian,
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or other random variables could certainly be implemented, this set was deemed rich enough

for the research of this thesis.
3.7.2 Experimental Setup

In order to test the UO decoding algorithm, an experiment that deals only with decoding
based on acoustic information was chosen. Phoneme recognition of TIMIT data [26] was the
goal, with no language modeling allowed, thus giving a loop grammar with any phoneme
allowed to follow any other phoneme, and with no phrase length constraints.

Phonemes were modeled by three state, 16 mixture Gaussian, in a left to right model.
These models were trained with the Baum Welch algorithm in the usual manner using the
ISIP tools.

The ISIP recognition system is feature-set independent. That is, feature extraction
happens separately from training or recognition, and any reasonable set can be used. For
the first three experiments of this section, log energy plus 12 MFCCs generated from a 24
band mel spaced filterbank, with first and second derivatives were extracted, giving a feature
dimension of 39. The final experiment deals compares the performance of full covariance
matrices to diagonal covariance matrices, and for these experiments, or'llyAthe static features
were used, both in the filterbank log energy domain and in the MFCC domain, giving feature

dimensions of either 24 and 13, respectively.
3.7.3 Oracle Experiment 1: Stationary distortion

A first set of experiments was designed to show the ideal operating point of UO decoding.
This was accomplished by generating a disturbance vector n; pulled from a Gaussian distri-
bution of known mean and variance, p, and 3, respectively, and adding this disturbance
directly to clean cepstral parameters, as shown in Figure 16, rather than adding noise to the
time domain speech signal. The mean and variance parameters p, and X; are then shown
exa}ctly to the decoder (although not the disturbance vector itself, n;). Since the charac-
teristics of the disturbance sequence are known exactly, these are referred to as “Oracle”
experiments.

For this experiment, some choice had to be made for the mean p, and diagonal covariance
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Figure 16: Block diagram of “Oracle” recognition experiments. Gaussian noise
w; of known mean and variance is added to clean cepstral vector x;.
Recognition then uses resulting sequence y;.
Y. In order to pick reasonable values, the stereo Aurora2 database (described in detail
in [47]) was used. MFCC feature extraction was performed on both the clean data and all
of the 0dB SNR subsét of the noisy data. The global mean vector u, and variance vectors
3, of the difference between these two éets were then calculated, and p, and ¥; were set
to these vector constants.
The baseline for this experiment is training and testing using clean, unaltered data. This

matched condition scenario shows a 38.7% phoneme error rate (PER). A second baseline

matched condition comes from using noisy data for both the training and testing. This
is a representation of an ideal form of model adaptation, allowing all parameters of the
HMM models (in.cluding transition matrix components a;;’s) to be updated. This matched
condition gives only a slightly lower error rate, at 54.7%. Because of the structure of this
problem, it is not possible to perform PMC-style model adaptation, since there is no explicit
model for the noise in the time domain.

Testing noisy data using clean-speech-trained models shows the difficulty of mismatched
conditions. For this case, the error rate jumps to 100.6%. The first cut at improvement is to

perform feature transformation. From a feature transformation perspective, this experiment
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scenario allows an optimal %; to be found as follows,

f(t = E[Xt] (66)
= E[yt —_ nt] (67)
= Yt~ Mg (68)

since E[n] = p, for the disturbance is known exactly.

While this form of ideal feature transformation shows an improvement, it is minimal.
The PER drops to 98.6%, still far from the matched condition level. This is of course
because the disturbance for this experiment was almost zero mean, and therefore feature
transformation has little effect. However, it does show that variance information can cer-
tainly hurt performance if not accounted for.

Finally, UO decoding was implemented using all of the known information: the obser-
vation y;, the disturbance mean p,, and the disturbance’s diagonal covariance matrix, %,.
The simple inclusion of the feature variance information showed a dramatic drop in the
error rate, down to 52.3%. This approaches the matched condition case of training on noisy
data. The slightly lower performance (compared to matched noisy) is completely expected,
since the matched noisy case has also allowed for transition matrix updates, as well as state
output probability parameter updates.

A different form of ideal UO decoding was also implemented for comparison. This
method will be described throu_gl}ouf this thesis as the ”Ideal Variance” method. An ideal
variance is a covariance matrixj'gwith diagoﬁél éﬁtﬁes calculated by squaring the difference
between the clean and distorted feature vectors. Thus for this method 3 = (y;—x;)? = n2,
meaning both the clean features and distori;ed?features must both be given to the decoder.
For this ideal form of UO decoding; the error faté drops significantly, down to 44.4%.

The experiment results, shown in Table 17, show clearly that feature transformation
only partially compensates for noisy conditions. Uncertain Observation decoding, however,

can almost completely eliminate the mismatch if observation PDFs can be accurately found.
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Figure 17: Oracle 1 experiment results for phoneme error rates on TIMIT data.
Noisy, in this case, refers to a disturbance vector, n;, drawn each frame

t from a known Gaussian distribution, and being added to the clean
MFCC vectors.

3.7.4 Oracle Experiment 2: Time-varying distortion

In the previous experiment, UO decoding was shown to significantly reduce recognition error
rates in the case where the parameters of a Gaussian disturbance vector were completely
known. The disturbance for the experiment, however, did not change with time — the same
mean and covariance were used for all frames. In this section, the case of a time varying
distortion are examined. By Showing that UO decoding can still be successful in such time
varying .environments, ‘it can be seen that successful decoding of speech in nonstationary
noise can be successfully accomplished by good estimation of feature PDF's.

The same experiment setup was used as in the previous section, but this time the pa-
rameters of the Gaussian from which n; is drawn were time varying (albeit still known, in a
time varying manner, to the UO decoder). For this test, both the mean and variance were
themselves drawn from a uniform random distribution, p, ~ U[0,2p,], and 3; ~ U0, 2%,],
respectively, rather than being set to constant vector values as in the previous experiment.

The results are summarized in Table 18, showing that even with a time varying distortion,
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UO allows for frame-by-frame updates to the decoding process, allowing significantly im-
proved recognition accuracy that cannot be matched by simple feature transformation, and

would be impractical for model compensation techniques.

i
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Figure 18: Oracle 2 experiment results for phoneme error rates on TIMIT data.
Noisy, in this case, refers to a disturbance vector, n;, drawn each frame
t from a known Gaussian distribution with time varying parameters,
and being added to the clean MFCC vectors.

The important consequence of this experiment is to observe that UO decoding is just as

successful as in the first Oracle experiment in Section 3.7.3. For the first experiment, because

the statistics of the distortion were not time-varying, UO decoding could just as easily have
been implemented in a manner as model éompensation. That is, given the distortion mean
and variance p, and X,, and single new updated HMM model set Ay could have been
calculated prior to standard decoding, and would have been equally successful (as well as
more efficient computationally). For the experiment in this section, however, because the
distortion is rapidly time-varying, there is no equivalent model compensation method that
simplifies to a single optimal updated model set Ay. An optimal model compensation
implementation would necessitate a new Ay for each speech frame. This would require an

impractical amount of computational overhead, eliminating it as a potential implementation.
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UO decoding, however, gives model-compensation-quality results, and the overhead is no

more than that of the first Oracle experimént.
3.7.5 Oracle Experiment 3: Erroneous covariance estimates

A potential pitfall to using observation uncertainty is when the variance estimates for a
feature vector are incorrect. This section will briefly study the consequence of such an
occurance.

To examine this, an Oracle experiment setup identical to the Oracle 1 experiment in
Section 3.7.3 was performed, but erroneous covariance information was passed to the UO
decoder. Thus, the disturbance vectors n; are drawn from the distribution NV (x; 4, X,), but
the decoder will be given distribution parameters N'(x; p,, X}). The sequence of disturbance
vectors was chosen to be exactly identical to that used for the Oracle 1 Experiment. For
UO decoding, the mean g, was given correctly to the decoder, but the variance parameters
given for the observation PDF were generated as a random variable, 3; ~ U(0, ¢X,), with
c being a scaling constant in order to evaluate a range of €rrors.

Results for scaling factors in the range ¢ = 0 to ¢ = 10 are shown in the graph of
Figure 19. When ¢ = 0, the system is operating as a standard decoder, using feature-
transformed data, and thus gives identical results to that seen in Figure 17. When c = 2,
and since the new variances are chosen using a uniform réndom variable, the mean variance
E[3%;] equals the Oracle variance, X, and it is near this location that the error rate is near
its minimum, although it never reaches as low as the either the Ideal Variance performance
(44.4% PER) or the Oracle performance (52.3% PER) found in the Oracle 1 experiment.

A potential problem is clearly identified: if the variance information is incorrect by a
large enough amount, the error rates from the decoder will be larger than if no robust
processing were done at all. It is a typical problem: the more complex the model used
for a system, the more unstable the system becomes when conditions outside the model
are encountered. This concept needs fo be remembered when designing a PDF feature

extractor, as will be done for various applications in Chapters 4 and 5.
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Figure 19: Oracle 3 experiment results for phoneme error rates on TIMIT data

showing the sensitivity to incorrect knowledge of observation PDF vari-
ance.

3.7.6 Oracle Experiment 4: Comparison of full and diagonal observation co-
variance matrices

One potential variance estimation problem alluded to in the analysis section 3.6 is the case
of an observation :PDF that is not well represented by a Gaussian with diagonal covariance
matrix. An especially relevant case for speech recognition is additive noise. In this case,
there are two feature domains with significantly different properties: mel filterbank log
energy features, and mel filterbank cepsﬁal coefficient (MFCC) features.

Feature vectors in the filterbank log energy domain can be considered as having a rea-
sonable amount of statistical independence due to additive noise. Since the transformation
from the log energy domain to the MFCC domain uses a discrete cosine transform, and
therefore a full matrix multiplication, to decorrelate speech features, 3; is now best de-
scribed by a full covariance matrix. This is exactly opposite the standard argument made
for modeling speech features in HMMs, as shown in Table 5.

In this section, an experiment similar to the Oracle approach presented in the previous
sections is designed to show the effect of diagonalizing, in the MFCC domain, a feature PDF
that is better represented as being diagonal in the filterbank log energy domain. Unlike

the previous Oracle experiments, only static features are used, which means the baseline
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Table 5: Covariance matrix forms in order to well—i‘epresent speech models and
noisy features in the filterbank log energy and MFCC domains.

Feature Vector 3 format for  3; format for
Domain speech models  noisy speech
Filterbank log energy full diagonal
MFCC diagonal full

error rates are higher, however comparisons of different techniques within this experiment
are valid.

The clean dataset is the TIMIT data as used in previous Oracle experiments. To generate
a distorted dataset, the same technique as as for the first Oracle experiment was used, that
is, the global mean and variance of the noise signal of the 0dB SNR portions of the Aurora2
dataset were calculated. This mean and variance were then used to generate an artificial
distortion vector n; to be added to the clean signal, x;, for each frame ¢. Unlike the first
Oracle experiment, however, the feature vector domain is the filterbank log energy domain.
The standard baseline experiments were run giving matched clean error rates of 65.3%,
and matched distorted error rates of 75.3%. Converting from these feature vectors to the
MFCC domain, a second set of baseline error rates were observed, of 58.8% for matched
clean conditions, and 73.9% for matched distorted conditions. The results for the MFCC
domain show lower error rates as expected, since speech models with diagonal covariance

matrices are more appropriate.

To test mismatched conditions, models were trained with clean speech and tested with
distorted data. In thé ﬁlterba-nk}fdo‘main, the error rate increased to 85.7%. The MFCC
domain showed-more sensiti?ity fo the distortion, with the error rate increasing to 91.1%.

The distortion PDF n; was drawn from a multidimensional Gaussian with diagonal
covariance matrix, as in the previous Oracle experiments. Thus optimal Oracle UO decod-
ing for the filterbank data uses a feature PDF representation that has the same diagonal
covariance matrix. For this case, the erfor rates drop to a 77.4% phoneme error rate.

In the MFCC domain, there are two ways that Oracle UO decoding can be tested. The

optimal method requires that the diagonal covariance matrix representing the filterbank
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domain distortion be transformed into a full covariance matrix in the MFCC domain. An
approximation of this is to then reduce this to only a diagonal MFCC feature covariance.
For the optimal version, the error rate drops to 72.9%. The diagonal approximation shows

an error rate slightly higher, of 73.1%. The full set of results are reviewed in the graph of

Figure 20.
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Figure 20: Oracle 4 experiment comparing results for full and diagonal observation
covariance matrices for a distortion that is independent on filterbank
log energy (FB) features.

It is worth noting the processing time required for each of the MFCC experiments, as
this gives further. insight into the recognition problem. Each experiment was run on an
otherwise idle 1gHz 286 PC, and the times were required recorded. The relative speeds, as
a function of real time, are given in Table 6.

A simple scaling of time required based upon the sta'mte output probability calculation
was actually not observed. This is because for all experiments, the pruning parameters were
fixed, and thus the unexpected time differences are because of some conditions requiring
the evaluation of more paths through the lattice than othérs.

There a several notes to observe from this set of experiments. First, is that as ex-

pected, the MFCC domain gives superior matched-condition performance compared to the
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Table 6: Comparison of the relative speeds of the various MFCC tests within the
Oracle 4 Experiment

Decoding  Testing Speed (times  Speed (rel. to

Method Data real time)  standard/clean)
standard clean 0.093 x 1.00
standard  distorted 0.076 x 0.82
diag UO  distorted 0.180 x 1.93
full UO  distorted 2.26 x 24.5

filterbank log energy domain. This would lead, of course, towards the adoption of MFCC
features. The next observation is that the MFCC domain is unfortunately less robust to
the distortion used in this experiment than the filterbank domain, leading to the conclusion
that in at least certain noisy environments, the filterbank domain may be more appropriate.
The implication for standard decoding is thus that while MFCC features are superior under
clean conditions, there does come a point where the filterbank domain is preferable.
Applying optimal UO decoding, however, it can be observed that the MFCC domain
again becomes the more desirable. Since UO decoding during non-distorted speech simpli-
fies to just standard decoding, the implication is now that across all conditions, the best
results will be obtained with MFCC feature extraction. The unfortunate news now is that
optimal UO decoding for additive distortions in the filterbank domain (and thus distortions
similar to additive background noise to the audio waveform) requires a full covariance ob-

servation PDF, and the 24.5x increase in computations that accompanies this feature PDF

representation.

The final observation from these experiments, then, is that there is only a small differ-
ence between MFCC domain full covariance feature PDF's and the diagonal covariance PDF
simplification. Thus the final implication of this experiment is thus that even for distortions
that are additive in the filterbank log energy domain, if UO décoding is performed, MFCC
domain feature extraction will give better results than using filterbank energies directly.
Further, when implementing' MFCC domain - UO decoding, observation PDF's can be sim-
plified to have diagonal covariance matrices, with only a small negative impact on overall

recognition performance.
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3.8 Comparison to Related Work

There are three branches of published research similar to the work of this thesis. First is
the topic often referred to in the literature as the “Missing Data;’ problem. Second, is a
special case of UO decoding applied to the speaker identification task, published under the
title “Weighted Viterbi Decoding”. More closely related is a recently puBlished method
for including feature variance information called “Uncertainty Decoding”. While each of
these techniques is similar to that described in this chapter, differences exist, and will be

examined in detail in this section.
3.8.1 The Missing Data Problem

A standard problem of vision systems in image processing is how to handle recognition
of objects that are partially occluded by other objects. This is referred to as the Missing
Data problem. A number of researchers have applied the techniques developed in image
processing to noise robust speech recognition [8, 29, 33].’, Many researchers have reported
that if some regions iﬁ the spectral domain are completely removed, it is still possible to
correctly recognize speechv [39, 59}, in essence viewing only “stripes” in time across the
time-frequency plane.

The framework used by missing data research has been to generate a tiling in the time-
frequency plane and heuristically determine whether a tile has reliable information or not.
This generates a mask, as depicted in Figure 21. The state output probability is then broken

into separate calculations for the reliable and unreliable data components.

The drawback of this method is obvious. In vision systems, objects causing occiusion
are almost always opaque, causing a complete loss of visual information behind them. In
auditory systems, signals combine additively, thus the hard decisions pictured in Figure 21
will end up including some tiles that include unreliable information, and throw out other
tiles that contains at least some information. The result is that unreliable information is
still included, and other potentiaﬂy valuable information is discarded.

In order to address this shortcoming, missing data techniques have been extended by
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Figure 21: Example of a reliability mask used for Missing Feature robust ASR

several researchers [3, 6, 28, 42, 52] to allow for soft decisions in the reliability mask. This
results in using “fuzzy masks,” as shown in Figure 22. Each tile is given a weight between
0.0 and 1.0, similar to a prdbability that the point is dominated by the speech signal, rather
than the background noise, however the weightings are found by trial and error using a

number of different weighting functions.

20
18
16
14
12

10 | [I:

filterbank index

N dO

it "
10 20 30 40 50 60 70 80 90
speech frame index

Figure 22: Example of a fuzzy mask used for Missing Feature robust ASR

Soft decisions at the mask level bring this branch of research quite close to the Uncertain
Observation algorithm. In fact, it can be shown that many of the missing data techniques
can be shown as special cases of UO decoding. However, these techniques lack the strong

probabilistic framework that is the strength of the research for this thesis.
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3.8.2 Stochastic Weighted Viterbi Decoding

A special case of UO decoding was published under the name Stochastic Weighted Viterbi
Decoding in 2002 [61], although it was applied to speaker identification in noise, rather than
speech recognition. This work approached the problem of robust recognition by beginning
with the standard state output probability calculation given in Equation 9, expands the
diagonal covariance normal r.v. evaluation in terms of HMM parameters, and takes an
expected value, giving E[bj(x¢)]. The result is dependent upon the mean and variance of
the observation vector, and gives the same result as the special case of the UO formulation
when observations are modeled by single mixture, diagonal covariance Gaussian PDFs.
The drawback of this work is that it lacks the concept present in the integral formulation
of UO Decoding in Equation 15. The weighted Viterbi solution is presented directly for
the special case, and implicitly assumes diagonal covariance normal r.v.’s. There is no
conceptual description from which the more general UO form to be inferred. Thus, for
single mixture diagonal Gaussian observation PDF's, Stochastic Weighted Viterbi Decoding
and UO Decoding are identical. However, UO Decoding describes a more general solution

that allows complex, arbitrary observation PDFs.
3.8.3 Uncertainty Decoding

Another set of work similar to this thesis was recently published at JCASSP 2002 {13, 38],
named by its authors Uncentdi'r__;ty Decoding. In this work, the joint PDF Pr{x, y|g:=4, Wi]

is marginalized over all possible clean observation vectors, x;:

Pl‘[)’t|¢]t=j,Wt]=/ p(yelx, Wh)p(x|g=5) dx. (69)

This is used in place of Equation 15. Similar to UO decoding described in this thesis, the
second term in the integral, p(x]g:=7), is the standard HMM state output probability cal-
culation. Different, however, is the first term, with Uncertainty Decoding using p(y:|x, W;)

instead of p(x|y¢, W;). This can be found using Bayes’ rule:

p(x|y:, We)p(y:]Wr)
p(x[Wy) '

p(yilx, W) = (70)
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The terms of the numerator are easily found, leaving the jjribr p(x|{W;). The approach taken
in [13] is to model p(x,y|W}) as a mixture Gaussian, and use
oo
poe) = [ ol yiVOdy @
which can be carried out in a straightforward manner, giving a Gaussian prior.

Although conceptually the UO decoding and Uncertainty Decoding are quite different,
the resulting implementations are similar. Both are perfectly valid interpretations, and
are capable of handling time-varying mismatched conditions. The findings by the authors
of Uncertainty Decoding are consistent with those of this research, showing significant
recognition improvement.

An interesting comparison between UO decoding and Uncertainty Decoding is to con-

sider the example below in Figure 23. Suppose some distortion exists so that clean obser-
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Figure 23: Degenerate example of Uncertainty Decoding.

vations zg and x; both get mapped to distorted observation yg. In this case, we can write

the following probabilities:

I

p(zolyo) 1/2
p(zily) = 1/2
p(yolro) = 1
p(yolz1) = 1
Upon observation of the distorted feature vector yp, expanding the UO and Uncertainty De-

coding equations yields an interesting result. Substituting into the state output probability
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for UO decoding will give:

[ patwpe)is = pleoliolp(oo) + plailun)p(e) (72)
= %P(mO)'*‘%P(xl) (73)
= 2 (ptao) +p(en)). (74)

Uncertainty Decoding, however, gives a rather different answer:

[ Zp(yom)p(m)dx = p(volzo)p(zo) + plyoler)p(z1) (75)
= 1-p(zo) +1-p(z1) (76)
= p(m0) +pla) (77)

Both methods are valid interpretations, with UO giving the expected value of the state
output probability conditioned on the distortion and Uncertainty Decoding being the joint
PDF of the clean and noisy observations marginalized over all clean observations. However,
for this degenerate case, UO decoding gives an answer that matches better with what one

would intuitively expect.

3.9 Summary and Discussion

This chapter has presented a new method for performing environmentally roust speech
fecognition using Uncertain Observations. The basis of the method is the idea that in many
distortive environments, there is actually more information available from the audio signal
than just the extracted feature vectors. In particular, information about which observation
vectors are more reliable than others, and which dimensions of a particular vector are
more reliable than others. For example, speech observed during stationary noise will show
regions during high energy vowels that have high signal to noise ratio, and are very similar to
speech vectors observed Without thé interferihg noise present. Low energy speech, however,
would be completely obscured by the same noise level. Standard HMM decoding weights
observations from both of these scenarios equally. The method of this thesis accounts for
the varying amount of uncertainty 6f each feature vector during decoding on a frame by

frame basis.
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The basic requirement in order to implement UO techniques during speech recognition is
to extend feature extraction to generate a PDF over the feature space giving the likelihood
that any particular point was generated, given the current knowledge of the distortive
environment. Thus whereas standard speech recognition extracts a set of feature vectors,
one for each frame, UO decoding requires a set of feature PDFs, one for each frame. This
effectively allows for a time-frequency local specification of the reliability of the observed
data.

This chapter showed how this feature PDF sequence can then be used in a strong
probabilistic framework during decoding. A general form for this decoding framework was
shown for both discrete and continuous random variable feature PDF representations, and
was shown as calculating the expected value of the state output probability of an observation
conditioned on the noisy observation and the current distortive environment. Further, the
technique was shown to be the Bayes probabilistic classifier given the feature uncertainty.
Thus decoding is the optimal MAP classifier, but now conditioned on the new knowledge
of the feature observation PDFs.

To show the feasibility of UO applied to speech decoding, an Oracle experiment was
develbped, with noise of known mean and variance added to the feature vectors (MFCCs in
this case, although the choice was arbitrary). Thus in this example, although the original
clean signal was not known, clean feature PDFs are exactly known. During mismatched
conditions, standard decoding shows dramatically reduced recognition performance. UO de-
coding, however, shows recognition performance only slightly lower than the clean, matched
condition case.

This method has several advantages over other state of the art techniques in the litera-
ture. Feature transformation techniques, for exémﬂe, can be seen as a special case of UO,
that models observation PDF's as a Dirac delta funétion at the expected value of the clean
speech vector. Further information, such as the variance of the Gaussian random variable,
will only serve to improve the results, so long as that information is accurate. Model com-
pensation techniques allow for variance updates, however, for computational reasons they

are impractical for real-world situations where the distortion, such as background noise, is
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time varying.

There are several caveats to note before applying UO techniques to speech recognition
decoding. First, there is a continuous computational burden introduced by UO decoding.
For the case of a single Gaussian observation PDF, the extra computations are solely those
required to generate new covariance matrices and determinants. This step is required for
each frame. It was shown that for large vocabulary speech recognition, this amounts to a
15% continuous burden. For a GMM feature PDF, the computations required for Gaussian
evaluations scales linearly with the number of mixtures.

A second caveat is that the PDF models need to be accurate in order for UO decoding
to improve performance. For example, using bad variance information can lead to worse
performance than simply using feature transformation. With reasonable care, however,

significant speech recognition accuracy improvements are possible.
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CHAPTER IV

UO DECODING OF NOISY SPEECH

The new speech recognition decoding algorithm presented in Chapter 3, Uncertain Obser-
vation Decoding, describes a general technique for robust recognition during time varying
distortions. The technique makes no assumptions about the type of distortion, only that
some feature extraction algorithm exists that estimates PDF representations of the under-
lying clean speech, conditioned on some knowledge of the current distortion. This chaptel:
will consider in detail the application of the UO decoding algorithm described in Chapter 3
to the specific problem of robust recognition in additive background noise environments,
with the goal of showing that any general feature transformation algorithm can be extended
to use the UO framework to improve recognition performance. Examples will be given that
show that feature transformation plus UO decoding (FT+UO) roughly equals the perfor-
mance of model compensation techniques, with the added benefit that FT+UO can be
implemenfed in a time varying manner, unliké model compensation.

The order of discussion in this chapter is as follows: first, an analysis of additive back-
ground noise is presented. This is followed by a method for estimating feature variances
which is applicable to any feature transformation algorithm. Experimental results are shown
for several databases. After this, a second method for estimating feature variance is shown
by extending a recently developed Monte Carlo speech enhancement algorithm. Several
possible extensions to this algorithm are also proposed. Finally, the extension of PDF fea-
ture extraction to first and second derivatives, and the difficulties involved, is presented,

along with a summary of the findings of this chapter.

4.1 Analysis of Feature Eztraction in Additive Noise

Speech observed in an additive noise environment has some interesting consequences. In

particular is that clean speech itself, being only pseudo-stationary, covers a large dynamic

61



range across both time and frequency. When even stationary noise is added, the local SNR
of the result can be expected, then, to have a wide range of local SNRs in the time-frequency
domain. Thus feature extraction techniques based upon time-frequency loéal energy, such as
_the windowed filterbank used in MFCC computation, will exhibit a high accuracy in some
areas of the time-frequency plane, and lower accuracy in others. Consider, for example,
the plots of the log energy feature shown in Figure 24. This is one of the standard 13
MFCC vector components, plotted across time for several.signals: black is the energy of the
original clean speech signal, dark gray is the energy in a white stationary noise waveform,
and light gray is the energy of the sum of these two waveforms. The local SNR across time
for this feature is the difference between the clean and noise energies, which is easily seen
to change rapidly from well below zero during softer portions of speech, such as between
words, to well above +20dB during voiced regions of the signal. And all this happens

several times in a second and a half. An obvious consequence is that this speech feature
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Figure 24: Plot of the log energy speech feature across time for clean speech,
a noise signal, and the sum of these two, showing the rapid change
possible in speech feature reliability.

shows rapid fluctuations in reliability, despite a standard speech recognition decoder treating

all observation frames equivalently.
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A similar plot can be drawn looking across frequency at any instant in time. Consider
the plots in Figure 25 of the smoothed LPC spectrum for one particular frame extracted
from the signal used in the previous figure. Black is from the clean waveform, dark gray is
from the noise waveform, and light gray is from the sum. Now it can be seen that overall
frame energy is not enough to decide whether information is reliable or not, as even though
the overall SNR for this frame is relatively low, there exist frequency bands with SNR high

enough for near-perfect feature extraction.
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Figure 25: Plot of the LPC smoothed spectrum across time for clean speech, a
noise signal, and the sum of these two, showing the rapid change pos-
sible in speech feature reliability.

Put together, the rapidly changing local reliability across time and frequency gives frame-
based filterbank energy features a wide range of local SNR, as shown by the spectrograms
of Figure 26. The clean speech signal, shown in part (a), has had F-16 cockpit noise
obtained from the Noisex database [57] added with an an overall signal to noise ratio of
0dB. The speech plus noise signal is shown in part (b). Even in these extreme conditions,
some locations in the time frequency plane are unaffected, such as the pitch tracks duriné
voiced regions. It is fairly obvious from this comparison which filterbank energies will

be most reliable. The transformation from filterbank energies to MFCC features adds a
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level of obfuscation to the local SNRs, however it can still be expected that the various
cep coefficients will be affected by varying amounts in a predictable way based upon the

filterbank time-frequency local SNRs.
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Figure 26: Time-Frequency comparison of clean and noisy speech.

4.1.1 Nonstationary background noise estimation

A problem of speech recognition in additive background noise is that it is difficult to ex-
tract the speech signal reliably from the noise. The other side of this problem is that it
can be difficult to extract the characteristics of the noise reliably because of the interfer-
ing speech signal, and each of the speech feature PDF extaction methods described later

in this section require knowledge of the background noise characteristics. For stationary
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noise, simple techniques can be used, such as gathering noise statistics during non-speech,
which is relatively easy, since even “continuous” speech has plenty of gaps and very low
energy events. Many authors have recently published methods for nonstationary noise,
based upon continuous gathering of statistics, with a decay to allow older information to
be discarded [15, 19, 21, 40, 56]. Thus noise estimates can be updated even during voiced
segments. A better solution is an iterative method involving specific modeling of the inter-
fering speech [11]. This would entail a speech recognition pass allowing time-varying noise
estimates can be generated, so that noise robust speech recognition can be run again, so
that new noise estimates can be formed, etc.

The work in this thesis is devoted to robust recognition algorithms, and it is considered
prerequisite that effective noise estimation algorithms already exist. Two strategies are thus
used in the experiments that follow later in this chapter. The first method, used for the
experiments that test stationary background noise, is to use the first forty frames of each
noisy utterance, assume they are prior to any speech has begun, and average over them to
find noise mean and variance in each filterbank. The second method, used for experiments
with timé—varying noise, directly estimates noise statistics from the noise signal itself, which

is only available because stereo clean/noisy databases are being used.

4.2 FExtending feature transformation to PDF feature ex-
traction -

In order to implement a UO solution for robust recognition of noisy data, the knowledge

of the noisy observed signal, and the effect of the estimated noise shown in the previous

section now must be converted into a PDF representing each frame of speech in the feature

vector domain.

In this section, a novel technique for extending any filterbank domain feature transfor-
mation method to give single mixture, diagonal covariance Gaussian PDF features for UO
decoding is presented.

Many recent methods for robust speech recdgnition in additive noise environments oper-

ate in the filterbank log energy domain [17, 64]. Using the same basic principle as spectral
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subtraction, these methods have shown improved performance with the following steps:

e estimate the noise log energy w; in each filterbank & of the ¢ frame of speech, as

described in the previous section,

e observe y; 1, the log energy of the ¢th frame of noisy speech signal in each filterbank

k, and

e estimate the log energy of the clean speech signal x; ) in each filterbank based upon

some mapping zr = f(Yik, W k)-

Many different functions could be used for f(-), but whatever form is chosen, the parameters
can be determined using a stereo clean/noisy training dataset.

Up to this point, the algorithm implemented is nothing more than feature transforma-
tion.. This is extended here to also estimate the variances for each filterbank. The result is
a single mixture, diagonal covariance normal PDF representation of each frame of speech,
which can now be used directly in a UO decoder. While this formulation is in the filterbank
domain, the transformation to the MFCC domain is linear, allowing the mean and variance
to be computed in the MFCC domain, if desired. For this section, only static filterbank
features were used, however.

Feature enhancement in the noise environment depicted in Figure 26 would expect that

little change would be necessary for features representing areas of the time-frequency plane

that have high SNR, while areas of low SNR would require a larger amount of change. For
example, consider the difference between LPC smoothed spectral representations of a clean
frame, to a noisy version of that same frame. At the first and second format locations, the
local SNR is high enough that the observed energy is extremely close to the energy of the
clean speech signal. This is, however, not the case for other filterbank outputs for this frame.
Spectral subtraction removes a significant amount of energy at these other locations. It is
thus reasonable that the expected error after the speech enhancement algorithm in a given
region of the time-frequency plane is directly related to the amount of energy removed, i.e.,
the more energy removed in a particular filterbank, the more likely the output is wrong.

If y; 1 is the observed energy in the kt* filterbank of frame ¢, and Z¢ 1 is the same energy
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after running the speech enhancement algorithm, this gives something along the lines of
Equation 78:

Elzig — Zep] ~ yer — Tek (78)

After experimental testing, the method chosen was to model the above relationship as

an independent second order polynomial for each filterbank %:
Gee = boyk + by ke + oz, (79)

where z; i, is a post-feature transformation estimate of the local signal to noise ratio of each

filterbank k in each frame ¢,

2tk = Ytk — iﬁt,k (80)

For the implementation in this thesis, the coefficients b of these polynomials were found
using stereo training data generated by adding white noise to the TIMIT database. Data
was added at several signal to noise ratios, generating a very large set of clean frame, noisy
frame pairs. This large set was then used to solve for the b’s in the standard. MMSE way.

To further improve this estimator, a three state classifier was used to separate the
incoming noisy speech 'frames into three catégories: known speech, known non-speech, and
unknown. Known speech frames were identified by their energy relative to the overall energy
of the signal. Unknown frames were identified by those with lower relative energy, and also
the lack of being near to known speech frames. Those frames that were close to known

speech frames, but didn’t have high energy were classified as unknown. Three separate
mapping polynomials as in Equation 79 were then trained for each of these three cases.
The motivation for this extra complexity was that it was noted that nonspeech frames were

being handled very poorly.
4.2.1 Application to Stationary Noise

To show the performance of this variance estimation method, an experiment was created
to compare feature transformation, feature transformation plus UO decoding, and model
compensation. Stationary white noise was added to the TIDIGITS database with a signal

to noise ratio of 3dB, which corresponded to a peak SNR of 10dB. The experiments used
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only static filterbank features, and in matched clean conditions this gives a 2.1% error rate.
Matched noisy conditions results in an error rate of 12.6%. Mismatched conditions showed
a dramatic drop, with an error rate jumping to 84.1%.

Since the noise added for these experiments is stationary, model compensation is a valid.
technique. The method chosen was the log-add implementation of the Parallel Model Com-
bination algorithm. T'wo forms were implemented. First, was the full PMC which updates
both means and variances of each HMM in the full model set. The second implementa-
tion was to approximate feature transformation by only updating the model means, and
not the variances. These two techniques resulted in word error rates of 20.5% and 35.6%,
respectively.

To implement feature transformation, a filterbank log energy mapping algorithm was
impleménted. This basic technique improved the error rate to be similar to the rhean-only
version of PMC, at 34.8%. The final experiment was to extend this version of feature trans-
formation with the variance estimation technique described in this section. The resulting
single mixture, diagonal covariance Gaussian features were then used in UO decoding. The

results of feature transformation plus UO decoding dropped the word error rate to 21.6%.

Table 7: Digit recognition results for UO decoding in stationary additive noise.

Conditions - Decoding Method Error Rate

matched, clean standard 2.1%
matched, noisy standard 12.6%
mismatched standard 84.1%
mismatched ~ PMC (means only) 35.6%
mismatched PMC (full) 20.5%
mismatched feature transformation 34.8%

mismatched  feature transformation plus UO 21.6%

This set of experiments has thus shown, by comparing performance in a stationary white
noise environments, the major goal of this chapter: that feature transformation techniques
extended to handle variance information via the UO algorithm perform similar to full model

compensation techniques. However, while model compensation cannot be implemented in
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a time-varying manner, UO decoding allows the background noise model to change, even

as often as every frame.

4.8 Direct estimation of observation PDF's

The previous section described a generic method for estimating feature vector variances
that can be used to improve the performance of any feature transformation technique. This
section deals with more specific methods of finding feature PDF's that are tied to particular
speech enhancement algorithms.

Two methods are discussed in this section. The first is an extension of a recently
developed Monte Carlo method used for speech enhancement. The second is an extension

of the Ephraim-Malah speech enhancement algorithm.

4.3.1 Markov Chain Monte-Carlo (MCMC) Enhancement

With the advances in computing power that have occurred in the past decade, many al-
gorithms once considered inappropriate or wasteful are becoming viable techniques. One
class of methods that have recently begun to be considered in a more favorable light are
Monte-Carlo methods. That is, methods in which a large number of trials are extracted
from a random system in order to characterize the performance of the system, rather than
the classical method of finding parameterized. methods of characterization.

Three methods of Markov Chain Monte-Carlo (MCMC) speech enhancement have re-
cently been proposed. A time domain method was presented in [20] for the purpose of
listening and was not used for this thesis. More recently, two frequency domain methods
were developed at Georgia Tech by Robert Morris, and presented in [43]. These methods
showed improved recognition performance in both an unconstrained, non-parameterized
case (MCMC-NP), and further improvement by assuming an underlying autoregressive
speech model (MCMC-AR). A brief look at the MCMC-AR method will now be given,
followed by its application to UO decoding. A more detailed description of this technique
is available in [43].

The framework for the AR frequency domain method is the Gibbs Sampler shown in

Figure 27. The system operates independently on each frame ¢, generating outputs randomly
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drawn from the posterior S(w)|a, o, Y;(w) with each of many iterations. After a large number
of these samples have been céllected, and the initial samples while the system was converging
discarded, a standard speech feature enhancement algorithm can then be implemented by
running whatever feature extraction method is desired on all of the randomly generated
frames of speech, finding the expected value of this set feature vectors, and using this as the
enhance‘d speech feature vector, X;. At this point, MCMC-AR robust recognition is another
form of 'featﬁre transformation. -

An extension explored as a part of the work for this thesis has been presented in [43] that
allows MCMC-AR to be applied to UO decoding. This extension involved finding second
order statistics of the collected set, generating single mixture, diagonal covariance Gaussian
PDF features appropriate for UO decoding. Accumulation of these statistics is only possible
because of the Monte-Carlo nature of the underlyiﬁg MCMC-AR speech enhancer, because

it makes available a large number of possible clean speech frames, rather than giving a hard-

decision single output, as in other traditional speech feature transformation algorithms.
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Figure 27: Block diagram of the Gibbs Sampler to implement the autoregres-
sive constrained Markov Chain Monte-Carlo speech enhancement al-
gorithm,
The MCMC-AR method, extended to UO, was tested on two databases. First was a
test using additive white, stationary noise added to the TIMIT database with a peak SNR

of 10dB, corresponding to a standard signal to noise ratio of 3dB. The feature set used was

that standard 13 dimension static features, cep[1] through cep[12] plus log energy. Only
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static features were used.

Recognition results, summarized in Table 8, show that matched clean performance gives
an phoneme error rate of 40.4%, with matched noisy performance at 54.6%. Training on
clean and testing on noisy speech increased the error rate to 86.6%. |

The MCMC-AR speech enhancement algorithm was implemented with a burn-in run of
500 iteration for each frame, followed by a further 2,000 iterations that each generated a
hypothesized clean speech feature vector. Using just the mean of this set gives a baseline
performance of MCMC-AR as a feature transformation algorithm. This dropped the the
error rate to 81.6% in the mismatched case. Compiling both first and second order statistics,
in order to feed diagonal covariance Gaussians to a UO decoder dropped the error rate
further, down to 78.6%. In order to observe the limits of UO decoding for this case, the
“Ideal Variance” analysis was then performed, replacing the MCMC-AR observed variance
with 3; = diag((y: — %)?). This showed that if the difference were exactly known, UO

decc;ding could in the limit obtain an error rate of 75.4%.

Table 8: Phoneme error rates for UO decoding in stationary additive noise using
the MCMC-AR feature transformation algorithm.

Conditions Decoding Method Error Rate
matched, clean standard 40.4%
matched, noisy standard 54.6%

mismatched standard 86.6%

mismatched ~ feature transformation 81.6%

mismatched  feature transformation plus UO  78.6%

mismatched ideal variance UO 75.4%

To test the MCMC-AR/UO combination in nonstationary noise, the Aurora2 database
was used. For background noise estimates, as described in Section 4.1.1, it was assumed
that a good algorithm already exists. Thus, noise statistics were gathered by observing the
unknown noise signal itself, and collecting statistics over a twenty frame range around the
current observation location.

Figure 9 shows results across all SNR levels in the Aurora2 database. Important to
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note is that as expected, in nearly clean environments, UO decoding does not degrade
performance at all. In the high-noisy -5dB environmerit, MCMC-AR feature transformation
reduced the error rate due to noise by 26.3%, from 92.2% to 65.9%. UO decoding reduced
the error a further 3.8%, to 62.1%. Ideal Variance analysis showed that the limit for UO

decoding in this case was an error rate of 41.9%.

Table 9: Phoneme error rates for UO decoding in stationary additive noise using
the MCMC-AR feature transformation algorithm. -

Decoding PER PER PER PER PER PER PER
Method oodB 20dB 15dB 10dB 5dB 0dB -5dB
standard 3.1 6.0 157 36:6 643 847 922

FT. - 31 4.4 6.1 9.7 179 376 659
FT4+UO 3.1 43 5.8 9.0 164 343 621
ideal UO 3.1 4.1 4.7 63 94 188 419

The computatiémal cost of the MCMC-AR method as described is quite large. The
implementation used in [43] required two to six thousand iterations through thé Gibbs
Sampler of Figure 27, with each iteration being larger than standard ASR feature extraction.
The resulf was a front-end that had a computational burden around two orders of magnitude
greater than the entire standard HMM decoding process. Further, the Gibbs Sampler is
iterative, aﬂd thus not easily amenable to parallelization. Regardless, Moore’s Law allows
the explora.t_:ion of such techniques, as it will not be long before MCMC-AR is a viable

front-end feature extractor for real time systems.
4.3.2 MCMC Non-Gaussian methods

In this thesis, it is proposed that the previous method can further be extended to allow
for non single-mixture diagonal covariance Gaussian representations of the clean speech
PDF. Examples of such PDFs would be full covariance Gaussians, multi-mixture Gaussian
Mixture Models, Uniform, or other standard random variable representations that better
model the uncertainty of a frame of noisy speech. A further, extremely inefficient algorithm

is to find the state output probability in the standard manner for each of the K iteration
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outputs from the Gibbs Sampler. The overall state output probability can then be computed
as the expected value of this set. In terms of UO decoding, this is modeling the observation
PDF as K delta functions of equal height. While very inefficient, this method does allow
for arbitrary PDF representations.

The most reasonable of these proposed methods is the mixture Gaussian observation
PDF. This method does give an extra computation burden to the decoder, but it has a
distinct advantage. In the filterbank log energy domain, used in Section 4.2, it is somewhat -
reasonable to make the assumption that the clean speech feature PDF can be effectively
represented by a Gaussian with a diagonal covariance matrix. In the cepstral domain,
however, this assumption is no longer valid. Rather than moving to a full covariance matrix,
a diagonal covariance GMM model of the collected samples allows modeling the feature
PDF by multiple mixtures, allowing a more compact representation, while still retaining
the modeling benefits available due to the Monte-Carlo method. Further, the GMM model
is superior when the filterbank log-energy assumption of independence is invalid. Due to
the computational resources required to implement these and other ideas mentioned in this

subsection, testing experiments have not been run, and have been left for future work.
4.3.3 Other techniques

Several other speech enhancement techniques can be extended to generate PDF features.

During the course of this research, one such method attempted was to extend the Ephraim-

Malah minimum mean square error log spectral estimator [16] to produce second order
statistics. The basic Ephraim-Malah syétem finds the expected value of the clean speech
log spectrum for each Fourier transform index independently, and can be extended, albeit in
a somewhat complex manner, to also generate the variance of each log FFT bin. An inherent
problem with this technique is the assumption of independence between all Fourier trans-
form indices. While this is not a major stumbling block for standard speech enhancement,
MFCC methods require the summation of many adjacent indices. At this level, then, the
index dependence effectively renders this technique unusable. Similar results were found

when developing an FFT-based mapping method akin to Section 4.2 above. In general,
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FFT-index based methods were ruled out after this portion of the research.

4.4 Bursty Noise

Another interesting problem is additive bursty noise, such as the machine gun waveform

shown in Figure 28. The same techniques developed in this chapter for generating observa-
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Figure 28: Machine gun bursty noise waveform.

tion PDF's for additive noise can be again applied to this problem. In this bursty scenario,
however, many frames will exist that are completely corrupted by noise. This is similar
to the special case in Section 3.5.2,” where no acoustic information is available. Decoding
can thus take advantage of the shortcut of not uhsing acoustic information during bursts,
which should be easily detectable. Although experiments were not performed for this type

of noise, this is a common DARPA task that can be considered during future work.

4.5 Summary and Discussion

This chapter has presented several methods for generating PDF representations of speech
observed in additive background noise environments, and given recognition results when
incorporating these features into an Uncertain Observation decoder. The methods all have
the common dependence upon first finding an accurate estimate of the spectral shape of
the background noise.

Two classes of PDF estimators were described. First was a generic algorithm that

mapped time-frequency-local SNR estimates into filterbank log energy variances. This
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generic method has the beiiefit that it can be applied to any existing filterbank domain
feature transformation method. One drawback, however, is that it is limited in producing
only single mixture, diagonal covariance Gaussian representations in the filterbank domain.

The second class of PDF estimators were speech-enhancement-specific methods. Two
specific cases were considered. One was an extension of the existing Markov Chain Monte- -
Carlo MCMC-AR speech enhancement algorithm. This method allowed for arbitrary feature
PDF's generated directly in any speech feature extraction domain, improving performance.
This method suffers from an extreme computational burden, far greater than that required
for recognition itself. For future applications, as Moore’s Law cdntinues, this type of feature
estimation algorithm may become more practical. A second case of speech enhancement
algorithm specific PDF estimation was an extended version of the Ephraim-Malah speech
enhancer, but the shortcomings of this method lead to little or no improvement in recogni-
tion performance.

Both classes of these methods were shown to improve recognition accuracy over non-
UO systems in a variety of noisy databases, using artificially generated data. Further, the
algorithm was shown to work on both continuous digifs, and more broadly, on phoneme
identification, using noisy TIMIT experiments.

An important observation made was that it is extremely important to have accurate
estimates of the background noise in order for the PDF feature extraction methods to
properly work. A further observation was that features based upon FFT-indices are not
practical, due to correlation between adjacent indices. Further, calculating derivative PDF
features as linear combinations of static feature PDFs was not practical. Work in this
direction towards direct estimation methods for derivative features is considered a promising

field for further study.
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CHAPTER V

APPLICATION OF OBSERVATION UNCERTAINTY TO
DISTRIBUTED SPEECH RECOGNITION

A topic that has generated a lot of recent work is Distributed Speech Recognition, or DSR.
Simply, this is the capture of speech at one location, transmitting the signal (or some
representation of the signal) across a network, and performing recognition at a remote
server. What makes this topic interesting beyond just transferring bits is that network
latency, channel artifacts, and compression need to be handled in an intelligent manner by

the ASR engine on the server.
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Figure 29: Diagram of a communication system that includes a speech compres-
sion algorithm, with potential access points for ASR labeled (adapted
from [32]).

The first consideration is the access point of the ASR server in the overall communication
system. Consider the diagram shown in Figure 29. The various locations where feature
extraction for ASR could be performed are labeled as Cp through Cj.

Cop: Original speech waveform S

Ci: LSF and voicing information, MFCCs, or other coder parameters
Cs: Quantized version of Cy

Cj5: Cy through a non-ideal channel

Cy: Cs with artificial synthesis (output waveform 5')

DSR implies that the recognition server is connected at either the C3 or Cy location.

Looking at DSR from the point of view of robust speech recognition, there are two new
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potential sources of mismatch between the speech models and the observed data: the effects
of compression, and effects of the channel.

First, this chapter will consider alleviating the effects of compression. Sections 5.1 and
5.2 look at two aspects of compression. First, is when the datastream is tapped at the
Cs location, giving raw access to vector quantized MFCC, LSF or other similar spectral
features. This location is of special interest to both central office recognition systems that
have access to the raw bit-stream, and “recognition only” systems that transmit data for
recognition but no other listening or archival purpose. The second type of compression
considered is when the datastream is not tapped until the Cy location. This corresponds
to compressing speech with an advanced coder such as MELP or G.729, transmitting the
bit-stream, and then decompressing the speech such that the recognition engine has access
only to the resynthesized waveform. An example of this would be recognition of an incoming
cellular telephone call at a call center. The only available data is'a waveform that at some
stage passed through an aggressive, advanced speech coder.

Many types of speech compression are known to create only minor degradations in terms
of human listening intelligibility, yet have more defrimental effects on speech recognition.
By modeling compression at the C3 and Cj locations as generating feafure vectors with
inherent uncertainty, the UO decoding algorithm can be applied to in"lprove'recognition
performémce.

The second source of mismatch considered in this chapter is the channel. For the two
compression-adaptation methods, the transmission channel is assumed to be ideal, with
the bit-stream transmitted perfectly. In Section 5.3, however, it is the compression that
is considered ideal, and the channel that creates mismatch, in particular due to dropped
packets. Such a scenario is common in cellular or other Voice over IP networks, where
due to low delay, retransmit requests for dropped packets are not practical. This section
will consider in detail the application of UO decoding to this problem by modeling feature
vectors extracted during bursts of lost packets as PDFs in order to denote that while normal

features are very well known, in-burst features are unreliable.
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5.1 MFCC VQ Adaptation

This section now describes using UO techniques to improve recognition performance when

feature extraction occurs at the Cs location of Figure 29.
5.1.1 Problem Description

There are two common scenarios in which speech recognition would take place at the Cs
location of Figure 29. The first is if a recognizer is operating at, for example, a cellular
central office, and has access to the raw bitstream prior to speech synthesis. It has been
shown that recognition using these parameters prior to synthesis can give slightly improved
recognition performance [32]. The second scenario is when parameters for speech synthesis
might be destined for one location (such as a human on the other end of a phone connection),
while a second stream of recognition parameters are destined for a different location (such
as a speech server). The recognition stream is independent of the speech coder itself, and
may consist of MFCC features extracted from the original waveform. These are then highly
compressed using VQ and transmitted to the speech recognition server. Both of these
scenarios describe a DSR environment.

One established standard for DSR is the ES-202-050 Advanced Front-End Feature Ex-
traction Algorithm [18] frorh ETSI, the European Telecommunications Standards Institute.
It is a standardized Ihetl}oa for e#tracting and compressing MFCC vectors for telecommu-

nications networks. One shortcoming, however, is its rather lackluster VQ compression of

MFCC parameters. The standard, by default, yields a bit-rate of 4.8kb/sec, almost on the
order of the parameters required for speech synthesis itself.

For this thesis, the ETSI front end was extended to perform a more aggressive VQ step,
reducing the distributed ASR stream bit-rate to 3.3 kb /séc. The trade-off for transmitting
this more compact representation of the MFCC vectors is a drop in recognition performance.
The next section will describe several ways the UO methodology can be applied to improve
recognition performance, gaining back a significant amount of the performance lost due to

aggressive MFCC compression.
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5.1.2 Two Proposed Solutions

Compensation of MFCC ve;;ctor quantization is a rather ideal application of UO decoding.
The goal of a VQ system is to reduce the possible feature space down to a small set of I
discrete p.oints. The criteria used is to take a large training set, and find a set of I clusters,
as depicted in Figure 30(a). During compression, an input sample is classified by identifying
the nearest of these clusters (Figure 30(b)). Transmission is now of this cluster’s index 1,
rather than the MFCC vector. The MFCC vector is reconstructed at the receiver by using
the mean of the cluster as in Figure 30(c), as this is known to the receiver a priori. These
values comprise a codebook.

Vector Quantization can be extended, however, when its output is destined for use in a
statistical classifier that allow for feature uncertainty. During VQ training, complete statis-
tics about each cluster are known, but normally discarded with only the cluster centroids
being retained. The full statistics can, of course, be retained, and embedded into the VQ
decoder at the time of its design. Upon receiving a VQ codebook index, the receiver can
now output more than just a single point. It can output a full PDF representing the cluster
as found in the training data, as depicted in Figure 30(d). Most uses of VQ have no need
for this extra information, however it can be used as a compression-robust input to the UO
decoder developed in Chapter 3 to improve recognition.

Using this method in UO decoding does have the drawback that these extended cluster

statistics must be generated during the VQ codebook design stage. When working with
an existing VQ system, however, access to this data will not be available. In this case,
an alternate method is to use a large database of samples, observed them both before and
after compression, and note the codebook index of each. Statistics can then be gathered
for each index. A flowchart depicting this procedure is shown in Figure 31. Whether the
statistics are gathered at codebook design time, or after the fact using example data, access
to the internals of the VQ system is required because the codebook indices must be known
to generate the PDF information.

The resulting system is shown in Figure 32 for a codebook with single mixture Gaussian

outputs. Notice from this system that since the variance information is found during the
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(a)

(b)

()

(d)

VQ Training: A large set of training
samples are grouped into some number of
clusters (three in this case, labeled ‘x’, ‘0’,

and ‘+).

VQ Classification: Input sample z is
classified by finding the closest cluster, in
this case using weighted Euclidean dis-
tances.

Standard VQ Output: The output of
standard VQ is a single point representa-
tive of the cluster to which x was assigned
(4 in this case).

VQ Output for UO: VQ output is now
a full PDF describing the likelihood of x
being any point in space, conditioned on
2’s assigned cluster (in this case, repre-
sented by two dimensional mean vector
14 and covariance matrix ¥).
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Figure 30: Visualization of VQ training, VQ classification, standard VQ output,

and VQ-UO output. Training and classification (steps (a) and (b))
are the same for both standard VQ output (shown in (c)) and VQ-UO

output (shown in (d)).
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Figure 31: Training UO parameters for VQ-UO-Internal systems. The set of T
MFCC vectors X = {xi,...,X7} in a speech database are quantized,
and statistics gathered for all vectors belonging to each codebook index
i, resulting in the set of variances ¥,,...,3; for the UO decoder.
training of the VQ system (just as the codebook entry cluster means), it is assumed known
at the receiver, and need not be transmitted. Thus the network bandwidth required for this
system is identical to that required for the standard VQ system alone. Further, observation
PDF's are found doing nothing more than table lookup. The only cost for the new imple-
mentation is simply that required for implementing the UO decoding, determined earlier
(see Section 3.6) to be around 67% processing overhead for the state output probability

calculations, or roughly a 33% overhead overall for continuous speech recognition. This

method will be referred to from here as the Cs-Internal-UO algorithm.
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Figure 32: Flowchart of the Cs-Internal-UO system for robust recognition of Cj
features. Each VQ codebook entry has it’s own variance information
X
A second, simpler method can also be implemented, and will be referred to as the Cs-

External-UO algorithm. It can be performed as a post-Q~! stage, and thus does not require

any internal information from the quantization system. This method can be implemented
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as a post-processing step even on proprietary distributed ASR systems. Rather than de-
termining a separate PDF for every codebook entry, it can be assumed that the codebook
generation process inherently gives each cluster similar statistics. This is a reasonable as-
sumption, as larger clusters with higher variance will typically be the first to be split. Thus,
every codebook entry can be assumed not only to be zero mean, but to also all share the
same global diagonal covariance matrix. The variance information can then be found by
treating the quantization system as a black box, and using a corpus of clean speech as
training data. Denoting the unquantized MFCC vectofs as X;'s and quantizer output vec-
tors as X;’s, the zero-mean assumption can be verified by showing E[X; — x:] =~ 0, and the
global variance information necessary for UO decoding can be found as 3, = E[(%; —x:)?].

Figure 34 shows a flow diagram for implementing the Cs-External-UO algorithm.

Training
Speech

Figure 33: Training UO parameters for C3-External-UO system. The set of T
MFCC vectors X = {x),...,Xr} in a speech database are quantized,
and statistics gathered for all vectors globally, resulting in the single
covariance matrix ¥g. Note that g, is not necessary.
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Figure 34: Flowchart of the Cs-External-UO system for robust recognition of Cs
features. All VQ codebook entries share the same covariance, 3,.

For this second method, the cost is reduced even further. Again, as the variance infor-

mation is kept at the receiver, it does not need to be transmitted, thus no extra network
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bandwidth is required. Further, since the observation variance 3, is constant for all code-
book entries, the UO combined covariance matrix for mixture k of state j, X, = 3. + X,
is identical for every possible observed feature x;. The X, inverses and determinants can
all be calculated a priori to create Ay, in essence generating a model compensation system.
This will be identical in both network bandwidth and computation as a standard ASR

decoder, but has improved recognition performance.
5.1.3 Experiment and Results

In order to test the Cs-Internal-UO and Csz-External-UO algorithms, the Aurora2 digit
framework was used. Since the focus of this technique is to overcome distortion due to
vector quantization of MFCC vectors, and not distortion due to noise, only the clean speech
portions of the test data were used. The recognizer used was the ISIP recognizer, altered
to accept feature uncertainty, using the same model parameters and training techniques as
the HTK system distributed with the Aurora2 database.

The vector quantization system used was a modified version of the ETSI feature extrac-
tion algorithm for distributed speech recognition, described in [18]. The baseline operation
of this quantizer. operates at 4.8kb/sec. Recognition using this bit-stream shows almost no
degradation in recognition performance. In order to demonstrate UO robust recognition, it
is thus necessary to decrease the bit-rate to a level that will introduce récognition €rTors.

Rather than training a new VQ system from scratch in order to achieve a lower bit-rate, the

source code for the ETSI coder was altered. The ETSI coder compresses pairs of MFCC and
energy components in seven independent streams using between 5 and 8 bits per stream.
For each of these pairs, three quarters of the codebook entries were chosen at random and
removed. The original coder used 44 bits per frame, and the newer, more aggressive coder
used 30 bits per frame, yielding a bit-rate of 3.3kbits/sec. This newer system will be shown
to create a significant increase in recognition errors. While this is not an optimal method
for finding a new low bitrate VQ system, it was effective for illustrating the Cs-Internal-UO
and Cs-External-UO algorithms.

For both the Internal and External implementations, single mixture, zero-mean, diagonal
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covariance matrices were assumed to model the feature uiicertainty. Since the VQ system
was not retrained for the Internal system, the covariance matrices X; were calculated by
using a training database, and by collecting statistics on the input feature and output
features, and codebook indices. The database used was the TIMIT database, decimated
to 8kHz, in order to match the sampling rate required by the ETSI coder. The internal
structure of the coder was known to be in seven independent streams, each relating directly
to two dimensions of the MFCC vector. This greatly simplified the training process for
the 3;’s. If this internal structure were not known, this type of training would be difficult
due to the possible VQ codebook entries, 230 in this case. To train the External form, the
same training speech was used, but all codebook indices were ignored and only the global
statistics were measured to find 3.

To generate baseline performances, a system was first trained using uncompressed
MFCCs from the Aurora2 training set, and testing was likewise performed oh uncompressed
MFCCs from the test set. A second system was trained using VQ-compressed MFCCs, and
tested on VQ-compressed MFCCs. The reéults are shown in Figure 35, with uncompressed
matched conditions giving a 2.1% error rate, typical for a digit system using only static
cepstral parameters. The matched conditions using compressed speech show a significant
drop in performance, with a 5.7% error rate. When the clean-trained system is tested on
VQ-compressed data, the error rate drops to 3.6%. Note that for this case, training on
the distorted data gives performé.nce lower than testing in mismatched conditions. Two
hypotheses for this behaviour are first, that the data required to jointly model both the VQ
and speech is significantly larger than that required to model only the speech, and thus it
is an issue of lack of training data. A second hypothesis is that the quantization step yields
a finite set of points for training, which conflicts with the choice of a continuous density
HMM.

It is informative to examine the distortion caused by the VQ of MFCC vectors. Figure 36
shows a histogram for each dimension of the static MFCC components of the TIMIT data
used to train the Cs-External covariance matrix ¥,. For each dimension, the histograms

have been scaled such that +1 is the standard deviation over all of the training data. Each
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Figure 35: Digit recognition experiments showing the performance of the Cs-
Internal-UO and Cjs-External-UO versions of the VQ adaptation al-
gorithm on the clean-speech portions Aurora2 digit database.

histogram has been overlaid with the normal r.v. used to generate 3,. A first observation
is that the zero-mean assumptioh is accurate for MFCC vector quantization. A second

observation is that in relation to the original cepétral vectors, the compressed versions do
have a rather large variance along any particular dimension except log energy, thus it is no
suprise the increase in the error rate.

A first test of the UO application to MFCC vector VQ is to use “ideal” variances
during decoding. A stereo database of MFCC features was generated for pre- and post-VQ
compression, giving vector sets X and Y, respectively. For any single feature vector at time
t, the ideal variance was calculated as o7 = (%; — x;)?. Performing UO decoding in this
ideal manner reduced the digit error rate to 2.9%, showing a 47% overall reduction in the
errors due to the VQ compression is possible using UO.

Testing of the Cs-Internal-UO and Cs3-External-UO algorithms show that a significant
portion of the errors-induced by the VQ compression can be removed. For the Internal

algorithm, the error rate drops to 2.9%. Given that the ideal matched performance is
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Figure 36: Histograms of MFCC VQ cepstral distortions for each of the static
MFCC vector components, overlaid with the normal r.v. used for Cs-
External-UO UO decoding. The z-axes have been normalized to the

overall variance of each component.
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2.1%, this translates to a 47% reduction in errors due to VQ compression of MFCC vectors.
The performance of the External algorithm is slightly lower, giving an error rate of 3.1%,
removing only 33% of the VQ compression errors.

An overview comparison of the algorithms is given in Table 10.

Table 10: Comparison of recognition systems using vector quantized MFCCs and
single mixture Gaussian observation PDFs for UO.

Recognition Internal VQ Computational WER
System Access Required? Overhead Reduction
Standard no none —
Cs-Internal-UO yes 33% 47%
C3-External-UO no none 33%

5.2 Speech Coder Adaptation

This section now describes using UO techniques to improve recognition performance when
features are extracted from the synthesized decompressed waveform, the Cy location of

Figure 29.

5.2.1 Problem Description

Robust recognition at C4 using UO is a more difficult problem than the Cs scenario described
in the previous section. In the Cs section, the assumption that the observation PDFs were
modeled by Gaussians was a relatively good one, because of the inherent design of vector
quantization training. At Cjy, this is not quite as good an assumption. In particular,
this is because the Cs parameters have been altered by the artificial synthesis stage, and
features are now being extracted directly from a synthesized speech waveform. The Cy
observation vectors thus contain an extra degree of distortion. Further, for this problem, it
can be assumed that low-level access of internal state information of the VQ system is not

accessible.

5.2.2 Two Proposed Solutions

Because information internal to the VQ system is not accessible, the Internal solution given

in Section 5.1.2 is not applicable. The External method is, of course, still possible, and it
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is along these lines that a solution will be developed. First, the External method will be
implemented exactly as in Section 5.1.2. Second, a multiple-state version, based upon input
feature energy, will be implemented. Finally, it will be shown how more general multiple
-state methods could be implemented to approximate the Internal solution.

The basic Cy-External method is implemented exactly as for the Cs-External method.
A set of training data is passed through the coder, and MFCCs are extracted from the
waveforms both before and after the compression step. The mean of the feature vector
differences should be verified to be near zero, and then the global covariance matrix 3,
can be found. One difference from the previous implementation is that here, the speech
compression almost certainly induces some amount of delay in the signal. This delay should
be accounteci for, in order to compare input and output features, or else the variances will
be artificially large. |

While this method, referred to from here as the Cjy-External-Global, does not have the
codebook-specific covariance matrices as in the Internal solution, it does have the benefit
that the feature extraction comes directly from a time domain waveform. Thus, the system
is not dependent upon the feature set, frame size, or frame rate used in the VQ system.

It is now interesting to look at how well a global variance does at describing feature
uncertainty. An easy method for doing this is to consider the original and MELP-compressed
waveforms shown in parts (a) and (b), respectively, of Figure 37. Static MFCC features were
extracted from both waveforms, after»,correction for coder-induced delay, and the Euclidean
cepstral distance betweén frames of the two sets is shown in part (c). Comparing this to the
plot of frame log energy plot in part (d), a roughly inverse relationship can be noted. The
MFCC distortion is somewhat higher for the lower energy portions of the speech signal.
While one example is not enough for conclusion, this trend continues across the entire
compressed speech database.

This leads to a second technique, the Cy-External-2-State method, that segments frames
based upon their relative energy levels, and uses different covariance matrices for the re-
spective feature vector reliabilities. A two-state system was implemented with frames being

assigned to be either high-energy or low-energy. This was first done during the training
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Figure 37: Motivation for the Cy-External-2-State algorithm. MFCCs extracted
from the original and MELP waveform show that distortion is related
to signal energy. This motivates the use of the C4-External-2-State
energy-dependent distortion model.

89



phase, with log energy within 15dB of the maximum frame energy of the signal being clas-
sified as “high-energy.” The remainder were then put in a “low-energy” cluster. Covariance
matrices were found for each cluster, yielding Xp;gn and Xy, respectively.

Each of these covariances were then stored in the receiver, allowing it to choose the
appropriate matrix at runtime, based upon the frame energy (which is quite accurately
known, since these tests are on clean, albeit compressed speech). This method can be
efficiently imélemented in much the same way as the Global method. In the Global case,
since the same observation covariance matrix is used for every observation vector, the entire
model can be updated a priori, just as for standard model compensation. This same idea
can be used here to generate two updated models, with the correct model chosen at run
time based upon frame energy. Computation overhead is thus negligible, at the expense of
memory.

Of course, extensions beyond the two state method implemented in this thesis are cer-
tainly possible. For example, another possibility is to perform a Viterbi recognition pass to
align states to frames, and have new covariances for each phoneme, or even each state of
each phoneme. Other clustering methods are also certainly possible. A multi-state External
method such as this with a large number of states is in essence an approximation to the

Internal solution that could not be directly implemented.

5.2.3 Experiment and Results

The two Cy-External algorithms described above were tested in a manner similar to that
used for the C3 tests of the previous section. The clean training and testing data from
the Aurora2 database was again used for training speech models and running recognition .
experiments, and one hour of randomly selected speech data downsampled to 8kHz from the
TIMIT database was used for training the observation variances. The recognition system
was again the ISIP recognizer extended for UO input, and the HMM parameters chosen
were identical to those specified by the Aurora2 baseline system. In order to isolate the
effects of the distortion, only static cepstral features are considered throughout this set of

experiments.
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The speech compression algorithm tested was the MELP coder. This compression algo-
rithm was chosen because first, it is known to mildly degrade speech recognition, plus it is
a common coder, being the U.S. federal standard for 2400 bit/sec communications.

The baseline performance for training and testing on the uncompressed speech shows a
word error rate of 2.1%, typical for an application using only static cepstral features. The
mediocre performance is, again, due to the lack of derivative features. In order to illustrate
the use of UO to Cy speech recognition, however, this system'is sufficient.

To test the matched condition case fo.r compressed speech, all of the training and testing
data was processed by MELP prior to feature extraction, and a new HMM set trained for
this condition. This case shows a drop in performance, down to 3.3%. The most significant
drop comes from training‘on uncompressed speech, but testing on MELP speech. For this
case, the error rate rises to 4_.8%. Thus the goal of the UO experiments is to bring the 4.8%
error rate closer to 2.1% under mismatched testing conditions. ‘

In order to train the Cy-External-Global variance X, it was first necessary to process the
decimated TIMIT data using MELP, to generate a stereo training database. The roughly
two frame delay induced by the MELP coder was accounted for prior to feature extraction,
so that the distortion due to the coding process was measurable by simply taking a difference
in the cepstral domain.

The first step is to verify that the mean of the feature distortion is zero. Figure 38
shows histograms of the distortion of each dimension of cepstral features found in the
training database. Superimposed on these plots are normal PDF's fitted to each histogram.
A conclusion from this diagram is that the distortion is relatively well modeled by a zero
mean Gaussian with diagonal covariance matrix.

UO decoding using the diagonal global covariance matrix %, as represented by the
individual normal r.v.s in Figure 38, shows a drop in the word error rate from 4.8% to
4.0%, as shown in the graph in Figure 39, removing 29.6% of @he errors induced by the
compression algorithm.

The second method analyzed was the Cy-External-2-State algorithm, as described previ-

ously. All frames with an energy within 15 dB of the maximum for the phrase were clustered
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Figure 38: Histogram of MELP coder cepstral distortions for each of the static
MFCC vector components, overlaid with the normal r.v. used for UO
decoding. The z-axes have been normalized to the overall variance of

each component.
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into one group, and the low energy frames were clustered in a second group.

Using the statistical F-T%st, hypothesis testing can bg done to determine if the variances
of these two groups of spee;ch ére indeed different. Ft;r t}!IiS test, each dimension of the
cepstral feature was assumed independent, and all frames were considered independent
trials. Under these conditions, there is a much greater than 95% likelihood that the variances
of the two sets should be modeled differently. This held true for all dimensions.

Decoding with the Cs-External-2-State algorithm caused the error rates to drop again
slightly to 3.7%, removing 40.7% of the errors induced by compression. All results are
given in Figure 39, where it can be seen that while an improvement is certainly possible for
compressed speech, the improvements are not as dramatic as for the Cs MFCC VQ system

- for distributed speech recognition shown in the previous section.

An interesting question now is how much more can be gained by moving to a phoneme
specific, or other high-cluster method to approximate an Internal solution. To answer
this question, the Ideal Variance method was used. In this technique, the actual variance
for each sample (i.e.,'VEt = diag((%; — x;)?)) is used during decoding, giving an optimal
performance for the UO algorithm. This test found that the word error rate dropped to
3.6%, removing 44.4% of the errors caused by compression. This improved recognition rate
is nearly identical to the Cy-External-2-State method. Thus, while a phoneme-specific (or
other multi-state) system certainly could be implemented, it is unlikely to see any significant
performance gain over the 2-State system when weighed against the added complexity cost.

The same experimental framework was also used to test phoneme recognition using
the TIMIT database, in order to give a data point that is on something more than just
digit recognition. The results, shown in the graph in Figure 40, show a similar pattern.
Again, the ideal .variance form shows that UO decoding has the capability of reducing
compression errors by almost half (a 56.2% reduction), an amount which is almost met by
by the C4-External-2State method (40.4%). Using only a single global diagonal covariance
matrix still shows a drop in errors (27.0%). An overview comparison of the Cs-External
algorithms presented in this section, as applied to MELP-coded speech, is given in Table 10.

Analyzing these results shows that while a single global variance update does not reach the
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Figure 39: Digit recognition results for UO decoding of static MFCC feature vec-
tors extracted from Aurora2-clean speech compressed with the MELP
speech codec.

full capabilities of UO decoding, the two-state form comes relatively close.

Table 11: Comparison of recognition methods for MELP coded speech, with one
mixture diagonal Gaussian observation covariances for UO.

Recognition Computational Memory Digit Error Phoneme Error
System Overhead Overhead Reduction Reduction
Standard none none — —
Cy-External-Global none none 29.6% 27.0%
Cs-External-2State none double 40.7% 40.4%
Ideal Variance UO — — 44.4% 56.2%

Another interesting question not covered in this thesis is the application of the variance
information of one coder to that of another, for example training ¥, using GSM, but
performing recognition on G.729-compressed speech. This is of particular interest when the
exact compression algorithm is not known at decoding time. For example, suppose a call
center is recording incoming calls for audio data mining. Even if it is a simple matter to
identify those calls that are from cellular phones, there are many different cellular standards.

Since many of these, however, are based upon some type of smoothed spectrum vector
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Figure 40: Phoneme recognition results for UO decoding of static MFCC fea-
ture vectors extracted from Aurora2-clean speech compressed with the
MELP speech codec.

quantization, so long as the same feature extraction algorithm is used on the C; waveform,
it would seem possible that 3’s trained with one coder might improve the recognition
performance of speech that was actually compressed with a different coder. This topic is

left for future work.

5.3 Handling Packet-Lossy Channels

This section now describes using UO decoding to improve speech recognition during short

bursts of missing speech frames, common in distributed recognition.

5.3.1 Problem Description

Many forms of digital communication systems currently in use face the problem of dropped
packets. The more standard analog slow degradation of a signal due to fading, etc., is not
necessarily a problem because of error correcting codes. But if a packet is corrupted, or not
received, all of the information is likely lost, leaving a burst of one or more areas with no
information interspersed in an otherwise perfect digital signal.

Packet drops can occur due to interference on wireless systems, overall network traffic

through a router, or other reasons. Normal internet data traffic handles this situation by

95



allowihg retransmission requests for packets that are not received, or have been corrupted
during transmission. For real-time communication systems, however, retransmission re-
quests are not practical. Instead, a maximum allowable latency is chosen, and any packets
not received by this time are considered permanently lost, and the communication system
must continue without the missing information. Cellular telephone, Voice over IP, and other
packet-based communication systems used in DSR must therefore be designed to expect,
and be robust to, dropped packets.

The speech coders used in packet based communication systems, for example MELP,
G.729, and others, use extrapolation énd frame répetitioh to handle missing frames. This
has been an adequate solution fdr human to humén communication, as with proper design,
it can sound somewhat natural, and when intelligibility becomes difficult, retransmission
requests can easily be handled by the communication system users (i.e., cell phone users
waiting for a positive response to “Can you hear me novx}?”). Attempting speech recognition
on data that has missing frames, however, gives extremely poor results, as shown in [62, 63].
While re-prompting is a possibility for interactive dialog systems, it is preferable to avoid
this if possible. But interactive solutions are not possible at all for many applications,
such as broadcast dictation, call monitoring, and database mining, and recognition must
proceed with whatever data is available. For these cases, in packet lossy environments, UO
techniques are well suited, 'allowing the recognizer to focus on the portions of the speech
that are well known, ignoring what is not known. This is very similar to the special case
scenario of completely unknown features discussed in Section 3.5.2.

A model often used for the tranmission characteristics of a packet lossy system is the
Gilbert model shown in Figure 41 [27]. This two-state Markov model is designed to mimic
burst-loss scenarios often seen in real world system. During most operation, the system
is in State 1, with a low likelihood of losing a packet. But occasionally, the system will
transition to State 2, which has a high probability of losing a packet. Once in State 2,
it will stay there for several frames before transitioning back to State 1. This models the
common situation where if one packet is lost, more than likely there will be a succession of

several lost packets in a burst fashion.
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Figure 41: Gilbert model for burst packet loss. P; and P, are, respectively, the
probabilities of a lost packet when the system is in State 1 or 2. P,
and P, are, respectively, the probabilities of changing from State 1 to
2, or State 2 to 1.

As an example of handling burst packet loss, the common cellular G.729 coding standard
uses a variety of techniques to maintain listener acceptability. Since latency is a critical
issue for real-time communication, interpolation from both sides of the burst is not an
available option. Instead, G.729 extrapolates smoothed spectral information from previous
frames in order to retain causality. Further, as it is known that these frames are becoming
further and further from the spectrum of the true speech, the gain is reduced. This has
been found empirically to be more pleasing to the listener, even though it is artificially
moving the output waveform even further ffom the true speech than is absolutely necessary.
Immediately upon receipt of a valid packet, signaling the end of the burst, the coder returns
to full gain with the received spectral and pitch information. Again, while this is good for

the listener, it gives faulty information for the derivative components of the next several

frames.

This analysis of G.729 shows clearly why speech recognition on this channel would be
difficult. Even for short bursts, gain and derivative coefficients are being distorted due to the
progressive gain reduction through the burst. For longer bursts, although the underlying
speech phonetic content will be changing, the coder will artificially extend the segment
and continue whatever phoneme was present when the burst began. Similar schemes are

embedded in all modern speech coding algorithms.
5.3.2 Application of UO to Lossy Channels

A technique that can improve speech recognition in packet lossy systems is the application of

the UO Decoding method as derived in Chapter 3. The assumption for this chapter is made
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that the speech signal itself is otherwise clean and undistorted, except for dropped packets.
Thus, the majority of speech vectors would be represented as Dirac delta PDF's since they
contain no distortion. During a burst of lost packets, however, the feature vectors will no
longer be completely well-known. As a burst lengthens, fhe feature vectors extrapolated
for missing frames will become more and more unreliable. By representing these frames
by PDFs, and using a UO decoder, speech recognition can be performed in a manner
that performs a statistically optimal weighting of the language model and reliable feature
information with the unreliable feature information. The result is a speech recognition
system that will be better suited to correct recognition across bursts of missing feature
frames.

- To implement this version of' occaéional UO decoding, the computational cost is pro-
portional to the number of dropped frames. If no frames are ever missing, there is no need
for anything other than standard deéoding. For missing frames only, feature vector PDFs
ft(x) must be generated, and the UO decoding equation for state output probability needs

to be evaluated. The next section describes methods for determining PDFs.

5.3.3 PDF Feature Extraction

A first cut approach for generating PDF features for missing frames is direct use of the
special case of Sectiori 3.5.2, that is, assﬁming that absolutely nothing is known about the
missing frames of speech. Enhanced speech feature means are thus irrelevant, and enhanced
speech feature variances are set to infinity. This will be referred to as the Completely
Unknown Packet method.

The Completely Unknown Packet method results in all acoustic information during the
burst being compiete ignored, and all decoding during the burst would be based on the
language model.

A second, and more accurate, method is to use features extrapolated from prior frames,
as is done for speech coding systems, and to estimate the variance of these extrapolated

features. Using the analysis given above of how G.729 handles lost packets, a reasonable
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Table 12: The set of Gilbert Model state transition and frame loss probabilities
used for experiments in this section. -

Packet
Loss 90% of
P P P, P Rate MBL Bursts
0.00 0.00 0.000 1.00 0% 0.00 =0 frames
0.01 0.90 0.011 o0.10 10% 3.9 <10 frames
0.01 0.90 0.016 0.06 20% 55 < 13 frames

clean speech PDF generator for such a scenario would use the smoothed spectral represen-
tation during a burst for the Gaussian mean, but ignore the energy, as this is artificially
lowered for listener acceptibility. Note that this just represents repeating the last known
good feature vector throughout the burst.

To generate variances, a large stereo database of artificially created burst losses was
created. The assumption was made that vowels are longer than other parts of speech, and
thus frame repetition during a vowel segment is likely to lead to smaller expected error
than low energy speech, which will. change more rapidly. This led to a three state frame-
type classifier to treat nonspeech, low energy speech, and vowel frames separately. Thus,
the burst losses in the stereo database were segmented into three groups, according to the
frame-type of the last received frame.

For each group, then, the variance was found as a function of depth into the burst. The

resulting implementation for UO decoding repeats the last received frame throughout the

burst, using this as the mean of a Gaussian PDF. The variance is determined by using the
frametype classification for the last received frame, and based upon how many frames into
the burst, the proper diagonal observation covariance matrix from the burst training data

is chosen.
5.3.4 Experiments and Results

In order to test the packet lossy PDF feature extraction from Section 5.3.3, a lossy channel
was simulated using the channel model shown in Figure 41. In order to give a range of
burst lengths and frequencies, several scenarios were tested. The P;, Py, P, and P, values

chosen are listed in Table 12, along with the overall packet loss rate and mean burst length.
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Each of the loss scenarios were tested using phoneme recognition on the TIMIT database.
Since the basic unit of this tespvis the phonemé, it doeslnot take a long burst to obscure an
entire phoneme. On the othér Iiand, since the duration of é. phoneme is short, the burst has
little effect beyond the phonemes directly obscured. In a system using a full language model
instead of a phoneme loop grammaf; errors would be allowed to propagate, and thus bursts
could easily effect wider areas than just the few phonemes they span. But a language model
also would help, by allowing misrecognized single phonemes to be correctly reassigned due
to context. The end conclusion is that the phoneme recognition results presented may or
may not apply to large vocabulary systems, and thus any extrapolation of the results of
this section to LVCSR should be avoided until further recognition results are run.

- Training for the system used clean, burst-free speech. If all frames are received, the
baseline performance of this system is a 38.7% phoneme error rate. The drop in recognition
for the various burst cases was not very significant, with error rates of 40.1% and 41.3%,
réspectively, for 10% and 20% dropped frames. The application of UO decoding did improve
the results, but not significantly, giving error rates of 39.8% and 40.9%, as shown in Table 13.

For both loss rates, UO decoding was able to handle less than 20% of the errors introduced

Table 13: ASR Performance on packet-lossy data

Packet  Standard l{O
Loss Decoding Decoding
Rate(%) PER (%) PER (%)

0 387 38.7
10 40.1 39.8
20 41.3 40.9

by the missing frames of speech. The application of UO decoding to the lost packet scenario

is thus only a moderate success.

5.4 Summary and Discussion

This chapter has discussed the application of Uncertain Observation decoding techniques to

robust recognition in distributed speech recognition environments. The mismatch scenarios
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examined were compressioh, and transmission across packet-lossy networks.

Two types of compression systems covered in this chapter: those that observe speech
parameters prior to the compression algorithm’s waveform synthesis state, and those that
only have access to the final output waveform. These are referred to as systerhs performing
feature extraction at the C3 and Cj locations, respectively. For pre-waveform synthesis
systems (C3 systems), a further breakdown was made into two subtypes: ones that have
internal access into the VQ stage, and ones that do not. These were referred to as Cs-
Internal and Cs-External, ~respec'cively.

For Cs-Internal systems, a solution was proposed that each codebook entry ¢ have its
own cluster mean x;, and covariance matrix ;. The means are obviously calculated at
the time of the codebook training, and the variances can be either calculated at the same
time, or as was done for the experiments for this chapter, calculated later, by using a
database of training speech. The speech is run through the coder, and by noting which
codebook index is used for each frame, variance information can be tallied for each 4. This
information is given a priori to the VQ receiver, thus network bandwidth remains identical
to the standard case: only the codebook index need be transmitted. But at the receiver,
the feature is represented as a PDF, rather than as a single point in space.

The solution proposed for Cs-External systems was much simpler. Access inside the
VQ step was not allowed, thus while feature vectors could be observed both pre- and post-
compression, they could not be associated with individual codebook indices. Thus, a system
was design which created only a global covariance matrix, shared by all VQ clusters. The
disadvantage of this system is slightly reduced performance, but the advantage is that UO
decoding now translates into standard model adaptation. The original speech model set
Ax can be converted a priori to Ax, and no extra network bandwidth or CPU cycles are
required for robust recognition.

Two methods were also proposed for the Cy scenario. It was assumed that if the rec-
ognizer input is at this location, access to compression algorithm internals is not possible.
Hence, the first solution was to follow exactly that as done for the Cs-External scenario.

Given that the synthesized waveform has an extra level of distortion not seen at the Cj
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location, the performance of this technique was slightly lower. Thus a second method was
developed that cut a balance between the Internal and External solutions. A set of training
data was again used, but separated according to signal energy. This multi-state algorithm
showed an improvement compared to the Cs-External solution. Thus while the C3-Internal
algorithm cannot be directly applied, it can be approximated.

The proposed compression-robust methods were tested on two different styles of data.
First, testing was performed on the clean portions of the Aurora2 digits database. Second,
each method was tested for phoneme recognition on the clean TIMIT database. For Cs
tests, a modified form of the ETSI distributed ASR front end was used, while for Cy tests
the MELP coder was used.

This chapter has also described a novel technique for using the Uncertain Observation
Decoding algorithm, coupled with a PDF feature extractor for bursts of lost frames, to -
improve automatic speech recognition on wireless and other delay-constrained networks.
The technique is based upon knowing that further into a burst, the less reliable the frame
estimates will be. Using the common G.729 speech coder, which has an algorithm to han-
dle burst losses, it was shown the recognition degrades in packet-lossy environments. By
augmenting the basic speech features with variance information during bursts, the UO
method described was shown to improve recognition performance. The level of improve-
ment, however, was not significant, and further work is required to generate a practical
implementation.

It is worth mentioning that the application of UO decoding to compression methods,
lost packets, and additive background could be combined to handle general “DSR of noisy
speech”. By creating a PDF estimator that is dependent on each of these distortions, their
handling could be done in a single UO framework. This is in particular interesting because
it has been noted in the literature [46] that while the 4.8kbps ETSI DSR compression
has little affect on recognition of clean speech, it lowers significantly the accuracy of noisy
speech. Thus, additive noise and DSR compressioﬁ are not independent, and observation
PDF estimation should be done in a joint manner.

An interesting side effect of this research is the concept of storing not only VQ cluster
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means in a VQ receiver, but also the information about the cluster variance. This infor-
mation is certainly known at the time the VQ system is trained, or as was shown can also
be generated later by using example data for an existing system. Thus, upon receiving a
codebook index, the receiver actually knows more than just the mean of the corresponding
cluster, it knows information about how reliable this mean is; and can output a full PDF
describing the cluster instead of just a single point in space. Few applications in the past
have had need for this extra information, and hence it was discarded. But the UO decoding
framework, which expects feature PDFs as input, can be directly fed codebook PDF's by
such a receiver.

The final conclusion of this chapter is that in a system that compresses either speech or
speech recognition feature vectors, recognition can be degraded due to aggressive coding.
This degradation can be lessened by one third to one half by using feature vector variance
information and the UO decoding algorithm. No extra network bandwidth is required for
transmitting this variance information, as it can be determined _a priori and stored in the
receiver. Depending on the level of iﬁternal coder access (or improvement desired) the
computational burden is either that of the standard UO algorithm for Internal solutions,
or no extra computations'for External solutions. Similarly, bursts of lost packets can be
modelled by repeating the last known good frame, but increasing the variance through
the burst. This implementation described showed modest recognition improvement for this

scenario.
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CHAPTER VI

UO TECHNIQUES APPLIED TO HMM TRAINING

6.1 Motivation

A problem often not addressed in speech recognition is the consequence of training on noisy
data. Either the assumption is made that enough clean data can be collected to adequately

train the speech HMMs, or else it is assumed that the noisy data is representative of the

eventual testing environment, and thus multistyie training is performed. There are a few

instances, however, where this is not a reasonable assump.tion. First, data collection is a time

consuming and expensive task, as it requires both careful recording procedures and hand -
transcription. For some scenarios, the data collection process could be simplified if noisy .
data were allowed, even if testing is expected on clean data. Second, and more relevant, are
cases where the amount of data is necessarily limited by the task. For example, in speaker
adaptation, the. goal is to observe a short segment of speech from a particular person and
generate a transform such that the speech models better fit the specific talker [54]. If the
few seconds observed contain background noise, then the adaptation will be joint on both
the talker and the environment. If, however, the adaptation results are to be used again in
the future in a new noise environment, it is desirable to separate the information about the
speaker from that of the noise.

Thus the goal of the research in this chapter is to improve HMM parameter estimation
or adaptation when using noisy training data. A basic method to accomplish this is to use
standard feature transformation techniques to attempt to remove the noise from the training
data. It is shown in this research that these results can be improved further by augmenting
feature transformation with the uncertain observation principles described in Chapter 3.
First, the standard Baum-Welch (BW) parameter reestimation method for training HMMs
will be reviewed. This method will then be extended to allow uncertain observations. This

new training algorithm, referred to as BW-UO, will then be demonstrated by training
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HMMs using noisy data, and testing on clean speech. Experimental results of standard
training, training with feature transformed data, and training using the new algorithm will
be compared, showing that recognition acéuracy can be increased by incorporating feature
reliability information into the training process.

While this chapter focuses on Baum-Welch, implementation of UO techniques in other
training or adaptation methods can be performed in a manner similar to that presented in

this chapter.

6.2 Review of Baum-Welch Training

HMM parameters can be trained in a variety of ways, with the most common method being
Baum-Welch reestimation. This section will briefly review the proceduré (following the
derivation given in [51]) allowing comparison to the BW-UO derivation presented in the
next section.

The overall goal of Baum-Welch reestimation is to find HMM model parameters A that
maximize Pr[(9|)\], the probability of observing the given set of training data, O. This is
accomplished by beginning with an initial estimate for A, and finding a new set X' that
increases the probability, such that Pr[O|X] > Pr[O|)]. The procedure is then iterated to
find new model sets until a maximum is reached and it is no longer possible to increase the

likelihood further. For this review section, the training data O is given as
O = (xl,x2,...,xT), (81)

a sequence of T' observation vectors extracted from the transcribed training audio, i.e.,
audio with a known corresponding sequence of states, but unknown exact locations of the
state transitions.

Each iteration begins with the initial model parameter estimate, A, and Baum’s auxiliary
function Q(X, A) which is defined as

Q(X, ) = Y _ Pr[0,q||log P[0, q|X]. (82)
all q

Maximizing this function with respect to A is guaranteed by the EM algorithm [10] to
find the desired X' with either Pr[O|X] > Pr[O|})], or X' = A. The probability terms in
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Equation 82 can be written in terms of the HMM parameters,

T
PI‘[O, qp‘] = T ]___[ ath—l‘]tbth (xt)’ and - (83)
o ot=1 :
T T
logPr[O,q|\] = logmg, + Zlog Qg_vqe + Z log bg, (x¢). (84)

t=1 t=1

Separating Q into 2N + 1 independent parts, -

: N N
Q()‘Ia A) = Qw(AI, 7‘-) + Z Qai (A’, ai) + Z Qbi (A,, bz) (85)
i=1 i=1
where
= [71’1,7!'2,...,71’1\]], a; = [ailyai27'-',aiN]1 bi = [y’i)zi]’ (86)
and
N
Qr(N,m) = ) Pr[0, go=i|\|log ] (87)
=1
N T .
Qo (N, 25) =D ) Pr(0,q1=4,¢:=7|N log al; (88)
j:l t=1 :
T
Qp, (N, b;) = > Pr{O, g:=i|\] log b} (xy). (89)
t=1

Each term of the auxiliary function can thus be maximized separately over )\, subject to

the following constraints:

N
dom=1, 720
j=1

N
Zaij = 1, a:J > 0, Vi

—t

(oe]

/ Vi(x)dx =1, b3(x)>0, Vijx
-0

The global maximum of each of these three constrained functions can be found using La-

grange multipliers (see [58], for example, for details), giving the following updated parameter
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estimates for the case of a single mixture Gaussian bj(x):

' _ ,PI‘[O, q0='l|)\]

i = T POl (%)

T
> Pr[0, g-1=1,q:=3|]
d, = &l (91)

T
> Pr[0, g1 =i|A]
t=1

T
> Pr[0, g =i]A] %
pp = = (92)

T
Z PI‘[O, a =ZI)‘]
t=1

T
ZPr[(’), g =1|A] (¢ — ;) (x¢ — #j)T
. = t=1 (93)

T
Z Pr[O, gt =1i|}]
t=1

Together, these terms make up the desired new set of model parameters, X'.

Each of the probabilities in the update equations above can be related to the parameters
of the HMM by using the alpha forward variable and beta backward variable. These are
defined as

a;(7) = Prxi1,%2,..., X1, ¢ =1|A] (94)
and

Bi (i) = PriXeq1,. .0y XT, gt =1|A]- (95)

The probabilities necessary for reestimation can be written in terms of « and f:

PO, ai=ilA] = ()00 (96)
NN

Pr{OIN = Y] au(0)Buli) = Y ar(6) (97)
=1 E =1
SlEo N

Pr{O, ge-1=1,@1=3|N= at-1(3) ) _ aijb;(xe) Be(d) (98)
RIS S i=1

poE
f

Direct calculation of o4(j) and ﬂt( 7) is:qffe‘éctively intractable, but a very efficient method
exists by using the lattice structure inherent in state transitions. For the az(j), this is solved

using the following procedure:

107



1. Initialization

a1 (§) = mbj(xa), (99)

2. Induction

N .
a1(d) = [Z at(i)aij:l bj(x¢+1)- (100)

i=1

Similarly, for the backward variable g3,

1. Initialization

Br(i) =1, (101)

2. Induction | N
Bu(i) = Y aizbi(xe41)Bur1(4)- (102)

j=1

The end result is a reestimation method that is iterative in nature, built on top of the
forward and backward variables. The pfocédure described is both efficient, and can be
shown to be non-decreasing, producing a Pr[O|)] at the end of every iteration that is at
least as good as the pre\)ious itefation. Convergence is only guaranteed to be to a local
maximum, but stability issues of gradient search methods, which do not provide monotonic

improvement of Pr[O|}], are avoided.

6.3 Baum-Welch Reestimation with Observation Uncertainty

For the case of noisy training data, it is desired in this research to incorporate the Uncer-
tain Observation techniques described in Chapter 3 into the HMM parameter reestimation
method described above. The resulting novel training method, which will be referred to as
the BW-UO training algorithm, is derived in the remainder of this section.

The BW-UO algorithm begins by replacing the training data observation sequence O of

Equation 81 with @, a new sequence that is specified as PDFs:

0= (fl(x)af2(x))"' )fT(x))’ ‘ (103)

just as was given during the initial UO formulation in Equation 14. Without loss of gen-

erality, this section will continue assuming single-mixture Gaussian PDFs for observations
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ft(x), thus each observation will be described by its own mean and variance, p, and X,
respectively.

The auxiliary function for the PDF observation sequence is

Q(X,\) = Y Pr[0, q|\]log Pr[0, q| X, (104)
all q

with the probability terms being
_ T oo
PO, = ][ onesn | (O)(9) 09, and (105)
t=1 -0

T T oo
logPr[0,q|N] = logmg, + Y logag, o + Y log [ / Fe(9)bg, () dﬂ]. (106)
t=1 , t=1 -0

Using Equation 53 from the UO decoding chapter, we can rewrite these directly in terms

of HMM and observation parameters:

T
A 1 1
Pr[O,q)] = = s 1qe——— XD § —=—5 (1t — f1q,)* 107
[ aQ|] qogaq-1q:\/2—7roT P{ 202 (1t l‘q:)} (107)
_ T
log Pr(0,q|A] = logmy, + Z log ag,_1q.
t=1

+tz: [log (—\/5—;—0:) - 2—;—3 (1t — #qg)Q} - (108)

where the o, = 0y + 04, terms are the variances along the diagonal of 3, = X; + X,.

The auxiliary function can again be split into independent parts, giving the terms

N
(N, m) = ZPr[@, qo=i|Nlogm, (109)
i=]
N T _
Qae ()"s a’i) = Z Z PI‘[O, qt-1=1,qt =.7l)‘] log ai’j (110)
=1 t=1
T oo
0y, (X,b;) = 3 Pr(O, g =i[A] log [ / £i(9)b(9) dﬂ] (111)
t=1 =

that can be maximized independently, subject to the same constraints as for standard BW

reestimation. The maximization results in the following parameter estimates for the case
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of a HMM states modeled by a single Gaussian mixture b;(x):

' PI’[@, q0=1‘>\]

o PrO
T K
> P[0, -1 =1, q:=3|]
a',ij — lT
> Pr0, g1 = i|A]
t=1
T
ZPY[O,Qt=i|)‘]Xt
pp = 55
> Pr(0, q=il]
t=1
T
D Pr[O, q=d|N(xe — 1) (xe — ;)"
z; — t=1

T
Z PI‘[@, qt =7’l>‘]
t=1

(112)

(113)

(114)

(115)

Calculating the probabilities for the parameter estimates can be done in a manner similar

to that using the alpha and beta variables used for standard BW training. For BW-UO, we

define @ and 3 as

a(f) = Pr(fu(x),..., fu(x), =3}

:Bt(j) Pr [ft+1(x), ft+2(X) . -,fT(X)|Qt=j, A]

which are calculated using UO information:

1. Initialization

&) = [ " L@)b(D) do

2. Induction

N oo
ary1(J) = [Z &t(i)aij] / * fr41(9)b;(9) d,
i=1 —oo
and the backward variable £:

1. Initialization

Br(j) =1
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(118)

(119)

(120)



2. Induction

N . 0o
Bii) = Y ageBisa(h) [ funa(9)b5(9) . (121)
k=1 —oo

All of the probabilities necessary for the parameter reestimates can be written in terms of

a and G
Pr(O, g=ilA] = Gy (i)Be(i) (122)

N N
Pr(OP] = Y &@Ai6) = Y ar(i) (128)
i=1

i=1

N
Pr[0, gi-1=1,q:=7|\ = @s-1(7) Z aijb; (%) Be (5) (124)

i=1
The BW-UO reestimation scheme for HMM parameters described above has the same
properties as standard BW training. Most importantly, for every iteration is it guaran-
teed that Pr[O])\] > Pr[O|)], ensuring stable convergence to a local maxima. Further, this
training algorithm includes information about feature reliability directly into a strong prob-
abilistic framework, allowing parameter training to noisy features to proceed in an optimal

manner.
6.4 Analysis

The simplest method of visualizing the effect of this new UO-based training algorithm

is to consider training with the Viterbi algorithm. Viterbi training is a simplification of

Baum-Welch training where HMM forced alignment is first run, giving an optimal state

sequence q:
a=(q1,92,...,971). (125)

Using this sequence, Pr[g; = j|O] is now either 0 or 1, depending on whether or not the

optimal state sequence goes through state j at time ¢, i.e., ¢¢ = 7. The standard BW
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reestimation equations given in Equations 90-93 can be rewritten as simple counting:

,_ 0(q0— .7) — _A@ (126)

J T T
T
> 6(q-1— 1) - (gt — 5)
t=1

au- T
> 8(qe-1— 1)
t=1
M,
A (127)
T
> (g — 5)xe
1 _ t=1
Wi = —p—————
> 6(g - 3)
t=1
1 &
= y7A Z Xk, (128)
m=1
T
Z 6(ge — 3) (¢t — p13) (e — p5)’
1 t=1
X = T
PIRICEE))
t=1
1 &
=G Z(ka - 1) Xk, — 1) T (129)
m=1 .
where
e Mp is the number of times qp equals 7,
e M, is the number of times the state transition from 7 to j is observed in q,
e M, is the number of times state 7 occurs in q, and
o (ki,...,kp,) are the M3 time indices that state j is in the optimal state sequence q.

When converting the BW-UO algorithm to Viterbi style, as was done above for standard
BW training, the most obvious change is that the optimal state sequence q is calculated us-
ing a UO decoder. By accounting for background noise, this UO state sequence is improved -

_over q that would have been found with either a standard decoder, or with a decoder using
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noise-removed features. This new state sequence is then used in the Viterbi reestimation

equations
T = % (130)
M, :
Ms
W=y, (132)
? M3 m=1 "
M.
1 1 - T
25 = = > (B, = 1) (B, — 115) (133)
M3 m=1 -
where

o My, My, My, and M3 have the same meaning as for the standard Viterbi case, except

the UO alignment q is used, and
e x; has been replaced by p,, the mean of time t’s feature PDF.
Thus the effect of using observation uncertainty in the case of Viterbi training is to:

e first, better identify the underlying state sequence during the initial forced alignment

pass, and then

e generate parameter reestimates using p,’s, which effectively are noise-transformed

features.

As an example, consider the Viterbi alignments shown in Figure 42. Shown are the
alignments at the end of the final stage of training of one of the training phrases (“two three
seven”) that is used in the experiments described in the next section. The top alignment is
shown for reference only, as it is the output the result of training with clean speech. The
second alignment, shown in 42(b), is for the same segment of speech, but is from a training
run that uses only noisy speech. It is obvious that the noise has significantly affected the
ability of training to correctly align states to the words.

The third alignment in 42(c) is the result of training on noise-removed features. Here,

training is obviously able to align much better to the underlying speech. Finally, 42(d)
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shows the alignment resulting from a UO training run. There is little difference visual
between these two methods, but as will be shown in the experiments section below, training
with UO does give a small further improvement in recognition performance.

An obvious special case is training with clean speech. For this case, observation variance
is zero, and p; = %, Vt. As was shown in Chapter 3, for this scenario, recognition (and
thus forced state alignment) will be identical to standard recognition. Thus, the update

equations 130-133 are identical to standard Viterbi update equations 126-129, as expected.

6.5 Evaluation on the Aurora2 Database

The BW-UO HMM parameter reestimation algorithm derived in this chapter has been
implemented by altering the ISIP speech recognition system. Training was extended to use
feature PDFs as input, and implement reestimation equations 112-115.

The BW-UO training method was tested by running experiments that train using noisy
data, but perform recognition on clean data. The datasets used for the experiments were
extracted from the Aurora2 dataset. The training set comprised 4,004 digit strings that
had an SNR of 5 dB from Aurora2 “testa” subset. Because the Aurora2 experiment uses
artificial additive noise, stereo versions of all of these files without noise were also available.
The test set chosen was the 1,688 clean files normally used for training in the Aurora2
experiment setup.

For all experiments, the standard Aurora2 feature extraction method (thirteen MFCCs,

plus first and second derivatives) was followed. Digits were modelled using the same left-
to-right whole word models used for Aurora2.

The training methodologies that were tested were:

e standard Baum-Welch training using noisy data,

e standard BW that used noise-removed feature data,

e a BW-UO system estimating variances from the noisy data, and

e a BW-UO system that uses “ideal” variances, similar to the oracle experiments of

Chapter 3, extracting variances from the stereo version of the training data.
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Figure 42: Comparison of Viterbi alignments used in UO training. Part (a) shows

the ideal Viterbi state alignment at the end of the final iteration of
standard training, using clean speech. Part (b) shows the alignment,
when standard training uses noisy speech. Part (c) is similar, but
training has used noise-removed features. Finally, part (d) uses full

PDF features for UO training.
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The two BW-UO experiments required full PDFs for features. Single mixture Gaussians
with diagonal covariance matrices fi(x) ~ N(x; py, Xt) were chosen for modeling these
observation PDFs. For the realistic system, which estimated feature variances only using the
noisy data, this was accomplished using the MCMC-AR method described in Chapter 4.3.1.
The “oracle” system used the means of the MCMC-AR system, but used the true variance,
calculated as 3; = diag(y: — x;)?, giving fe(x; yt,flt). Obviously, this requires both the
clean and noisy versions‘ of the training data.

For the standard BW syste‘xh that used noise-removed feature data, the mean p, of
ft(x) ~ N (x; py, X¢) was used for x;. The variance information in ¥; was discarded.

The first two experiments show the matched performance cases of first training and
testing on clean speech, and second, training and testing on noisy speech. The clean-on-
clean scenario shows an error rate of 2.1%, and the baseline performance for matched noisy
conditions gives a 22.8% word error rate.

Two baseline experiments were run to show the effect of training/testing mismatch.
First, training with clean data and testing noisy speech showed a drop in performance, with
a resulting word error rate of 75.8%. More severe, however, were the effects of training on
noisy speech and trying to recognize clean speech. Here the word error rate goes to 80.9%,
showing that this type of mismatch has consequences as severe as the clean-train, noisy-test
scenario.

When the MCMC-AR method is used to generate noisy-removed features, and vari-
ance information is disregarded, a significant improvement in performance is seen over the
baseline mismatched condition, as the word error rate drops to 30.4%.

When the full BW-UO training algorithm is implemented using both the mean and
variance information obtained from the MCMC-AR feature extraction method, a further
improvement is seen, with the error rate dropping to 29.1%. This shows that for this feature
extraction method, by far the majority of the improvement is gained by handling only the
feature transformation.

The oracle experiment showed that more significant jump in performance, dropping the

error rate to 28.3%. This again shows the need for better algorithms for estimating feature
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variance, although another possibility is that the diagonal variance model is insufficient in
the MFCC domain, and full covariance observation models are required. Work on this area
is left for future research.

The results of the training experiments are summarized in the chart in Figure 43.

80.9 |

3 B Standard BW
[ PUUP—— W S— BW w/ Feature Transformation
e 5 B BW-UO
% © “| =4 BW-UO w/ Ideal Variances
o
£Q
w
R B 30-429.128.3
o H
Zo — se

AN / H

o st

Figure 43: Digit experiments showing the results of training. “Mismatched” refers
to training with noisy speech, and testing with clean speech.

6.6 Summary and Discussion

This chapter has presented a technique for incorporating information about observation
uncertainty into the training of speech parameters. The specific implementation chosen
was to extend Baum-Welch HMM parameter reestimation into the new BW-UO training
algorithm. This new algorithm has the desirable properties of efficient implementation,
monotonically non-decreasing probability of observing the training data, and a solid frame-
work for incorporating observation uncertainty. While BW was chosen for this chapter, the
same principles can of course be applied to other training methods.

Experiments using this new training algorithm were tested by training on noisy data
and testing on clean speech. The new BW-UO algorithm was compared against training

with just standard Baum-Welch, and also Baum-Welch that used feature vectors that have
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had noise removal performed. This last form is effectively BW-UO with all variances set to
zero, and training with just the PDF means. While feature transformed data significantly
improved results, the full UO form showed even further improvement.

The usefulness of this technique is most applicable to training scenarios where available
data is limited, and potentially noisy. In particular, a likely scenario that would benefit from
UO training is when performing speaker adaptation. The data collected could certainly be
noisy, and if the adapted niodels are to be used in the future when the noise is not present,
it is desired to have the adaptation focus'o‘nlvy Qn"ﬁhe speaker dependent information, and
not the environment dependent information. Application of UO techniques to adaptive

training are left for future work.

118



CHAPTER VII

CONCLUSIONS

In this work, a novel framework for adapting an HMM speech recognition system during
mismatched conditions using observation uncertainty is presented. The technique leverages
the knowledge that speech enhancement can be performed with varying degrees of accuracy
at varying points in time and frequency, due to the nonstationary characteristics of both
speech, and the type of distortion. To this end, speech features during noise or other
distortion are represented as d-dimensional PDF's instead of simple points in d-dimensional
space. A new HMM decoding algorithm, Uncertain Observation Decoding, is presented,
which extends the standard technique to handle PDF features as input.

This method is not restricted to any particular feature representation, requiring only the
ability to accurately model speech enhancement output by a PDF. This method was shown
to have similar performance to model compensation techniques, yet retains the frame-to-
frame adaptability of feature enhancement to time varying distortions.

Successful application of this technique to speech containing severe background noise
was shown, as was successful application to speech coding and compression artifacts. Ap-
plication to lossy channel transmission systems did show statistically significant, though
overall moderate, improvement. Further, application of observation uncertainty during

HMM training was shown to aid situations where the training data is distorted.

7.1 Contributions
Uncertain Observation Theory:

e A new speech recognition algorithm, Uncertain Observation Decoding, was derived.

It uses feature PDFs instead of single points in feature space as input.

e The new algorithm was shown to allow adaptation to time-varying mismatches be-

tween training and testing environments, even when the mismatch varies for every
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frame of speech.

It was shown that the general form of the UO decoder solves for the expected value

of the state output probability given the current model of the distortion.

Using Gaussian PDFs for speech features, a simplified UO decoder was derived that

could be efficiently implemented, requiring only a 33% processing overhead.

A new technique for extending any filterbank domain based speech feature enhance-
ment algorithm to give single mixture, diagonal covariance Gaussian feature PDFs

was developed using time-frequency local expected-SNR.

A second technique for computing feature PDFs was developed by extending the
Markov Chain Monte Carlo speech enhancement technique to yield arbitrary obser-

vation PDFs.

The Uncertain Observation Decoding algorithm was used to adaptively compensate
for time varying, additive noise in experiments on Aurora2 digit data and TIMIT
data. It was determined that recognition could in all cases be improved using UO

decoding.

An extension to vector quantization was proposed that stores full cluster PDF infor-

mation in the VQ decoder, which can then be used in a UO decoder.

The UO decoding algorithm was used to improve recognition performance of packet-

lossy data in conjunction with the G.729 coder, although improvement was modest.

HMM training was extended to also use observation PDFs. This technique allows

training robust speech models given noisy or distorted training data.

7.2 Observations

During the course of this research, several interesting observations were made regarding

uncertain observation techniques. Foremost among these was that a high degree of im-

provement was available when good modeling of feature PDFs is possible, as shown by
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the Oracle and Ideal Variance analysis techniques. The task of robust speech recognition
was shown to be almost equivalent to the task of modeling feature variance. Throughout
this thesis, several examples of observation PDF estimation were shown for several types of
distortions, but especially for additive noise, the recognition improvement seen was only a
fraction of that available if better PDFs were available. Thus, observation PDF estimation
is an excellent field for future research. While this is still a difficult problem in and of itself,
it provides future reseafchers with a new direction towards improving speech recognition
accuracy.

A second observation was that during noisy environments, speech features could be
modeled by a single Gaussian in the filterbank domain, and with only a small loss in
accuracy, have the variance converted to a single mixture, diagonal covariance matrix in
the cepstral domain. Better performance was shown using either full covariance feature
PDFs, but the computation tradeoff does not justify their use. This is an important finding
if UO decoding is to be useful in future real-world systems.

Another observation is that any feature transformation technique designed for robust
recognition can be extended to the UO framework. Letting the transformed features repre-
sent the means of a multidimensional Gaussian, and estimating variances of each, will give
simple Gaussian observation PDFs. So long as the variance estimation step is reasonably
accurate, this system will show better performance than feature transformation alone.
| A final observation is that the three robustness applications evaluated in this thesis
(additive noise, packet-lossy channels, and compression artifacts) could be considered in a

single framework, with observation PDFs modelling all three effects in a seamless framework.

7.3 Future Work

There are many directions in which this research can be continued. One is to explore effi-
cient implementations for real time systems. There are several possible processing shortcuts
discussed, but a more thorough analysis of these is recommended. In particular, precalcu-
lation or estimation of the combined covariance matrix (rather than explicit calculation)

would be helpful, as would a method for more quickly estimating the combined covariance
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matrix determinant.

Another direction for further work is to explore non Gaussian or truncated Gaussian
feature PDFs. Diagonal covariance Gaussians are not necessarily the best model for all
types of distortion, and improvements could be made if this area is explored.

Finally, the most promising direction for future work is to find better methods for
estimating Gaussian feature variances. It was shown by Ideal Variance and Oracle analysis
techniques that knowing the correct feature variance is second only to knowing the clean
features themselves. Improvement upon the PDF estimation techniques presented in this
thesis is certainly possible especially by recursive recognition/estimation. Further, other
domains of distortion could also be considered, such as the effect of convolutional distortions.
A difficult problem not addressed in this thesis was how to estimate variances of first and
second feature derivatives. If derivative feature variances can be accurately calculated,

including this in recognition will only further improve recognition performance.
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APPENDIX A

PHONEME SET

Table A.1: Phoneme set used for the pHoneme loop grammar recognition experi-
ments performed throughout this thesis.

Phoneme Example
Name Word
aa bob

ae bat

ah but ,
ao bought
eh bet

er bird

ih bit

iy beat
ow boat
uw boot
uh book
aw down
ay buy

ey bait

oy boy

I let

w wit

r rent

y you

Phoneme Example
Name Word
m met

n net
ng . sing
b bet
d debt
g get
dh that
v vat

z Z00
zh azure
k cat

P pet

t ten

f fat

s sing
sh shut
th thing
hh hat
ch church
jh judge
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