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Abstract

Abstract

The combination of information from parallel features that provide complementary information about
the speech signal generaly improves speech recognition accuracy. There are two issues associated with
parallel feature combination: the specific method of combining the parallel features, and the nature of the
parallel features themselves. These two issuesjointly determine the performance of an information combi-

nation system.

While agreat deal of work has already been expended in the area of information combination, the tech-
niques developed in previous studies are not without their drawbacks and could be further improved. First,
most prior activity has focused on the combination method itself, with relatively little attention paid to the
issue of designing parallel features for optimal combination performance. Because the benefit of combina-
tion ultimately derives from the different information provided by the parallel features, a more judicious
way of designing parallel features that specifically tailors them to suit the type of combination procedure
used should improve the combined recognition accuracy. In addition, conventional information combina-
tion methods can be further refined to better utilize the information that is contained in the parallel fea-

tures.

The work in this thesis addressed the two issues cited above. We describe two new information combi-
nation schemes, lattice combination, which operates on the outputs of the individual recognition systems,
and weighted probability combination, which operates at an earlier stage where recognition probabilities
are evaluated. We also describe a new way to combine directly the probabilities of untied HMM states.
Both the lattice combination method and the two new probability combination methods are shown to be
effective in providing consistent improvements over conventional combination methods for various speech

recognition tasks.

The second part of this thesis concerns a new way of generating parallel linearly-derived features that
directly optimizes their performance when combined. These features are designed in away that maximizes
the normalized acoustic likelihood of the observed speech in the combined system, which can be directly
related to speech recognition accuracy. Our new parallel feature generation algorithm consistently outper-
form conventiona parallel feature sets in various speech recognition tasks. In addition, we can achieve

even further improvement when apply multiple techniques developed in this thesis simultaneously.
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1. Introduction

Contemporary automatic speech recognition technology has been based on statistics and probability
rather than expert rules for some time now. Aswith all statistical pattern classification systems, the perfor-
mance of a speech recognizer depends critically on two factors: the parametric features that characterize
the input and the statistical models that are used to characterize these features. Because the models in a
speech recognizer are actually trained on particular values of the features that are presented to the system,
the choice of featuresis actually the fundamental issue that implicitly determines the fate of a speech rec-

ognizer.

Despite the fact that many reasonably good types of features have been developed over the years (e.g.
MFCC [9], PLP [23], PCA [33], LDA [11][29], HLDA [42][68], Tandem [14][26], etc.) and have been
successful for various tasks and conditions, none of them work perfectly over all conditions. In general,
these features just represent different subsets of information that is contained in the speech signal, and at
different levels of accuracy. It stands to reason that the proper combination of information from diverse
feature sets could results in better recognition accuracy than the results that would be obtained using asin-
gle feature set alone. The advantages of combining multiple feature sets include the possibility that these
feature sets can provide different information about the speech signal, and that the “union” of thisinforma-
tion through the process of combination may result in a more complete description about speech data for
different recognition classes than each individual feature sets can. In fact, many studies have shown the
effectiveness of the combination, as no matter how well a single system performs, the appropriate combi-
nation of abest performing single system with some other systems will always result in a combined perfor-
mance that is at least no worse than the single best individual system (e.g. [6][12][15][25][44][45][69]).
Combination procedures are becoming a standard component of many state-of-the-art recognition systems
because of their ability to improve recognition accuracy compared to what is obtained from a single system

of features, no matter how well optimized it may be.

The degree of success of combination methods depends on two aspects of the system: (1) the different
types of information sources that are combined together and (2) the specific method of combination that is
used to fusing the different information sources together. These different information sources could in

principle be either completely different recognition systems or different sets of features that are used to
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train and test a single system. We will focus on the combination of different feature sets representing mul-

tiple information sourcesin this thesis.

There are generally three different stages in the recognition process at which paralel information
sources such as parallel feature sets can be combined together. The first approach, which we call feature
combination, refers to the concatenation of parallel featuresinto anew single feature stream as the input to
the speech recognition system, frequently followed by a reduction in dimensionality of the new single
stream of features, with recognition performed on the basis of the observed values of these concatenated
new features (e.g. [1][57][63][71]). In the second approach, referred to as probability combination, the
normal decoding process is carried out on the individual feature streams to generate probabilities for each
recognition class (which could be the specific state of a Hidden Markov Model, or a phoneme, syllable, or
even word). The probabilities characterizing a given recognition class are then combined across the paral-
lel decoding processes, and the final combined hypothesis is generated by searching through a network of
these combined probabilities (e.g. [1][6][12][18][21][25][34][47][56][61][66][67] [71]1[72]). In the third
approach, hypothesis fusion, complete recognition hypotheses are first generated in paralel from each indi-
vidual recognition system, which then are combined together to generate the final combined hypothesis
(e.0. [3][15][45][69][78]). These three stages of information combination are also referred to as early inte-

gration, middle integration and | ate integration respectively.

As noted above, the performance of a combined speech recognition system using parallel features
depends critically on both the parallel features and the combination method used. Ideadlly, each of the fea-
ture streams to be combined should provide different information regarding the speech signal. These paral-
lel feature streams need not to be able to recognize each subclass of speech perfectly, but the union of them
should be more informative than the individual feature streams in representing individual recognition
classes and in discriminating among different recognition classes. Currently, the most common ways of
generating parallel feature streams for combination are the methods of feature selection and feature gener-
ation via splitting (e.g. [6][21][22][25]). Feature selection is used to describe methods that either select
some individual features that are known to achieve reasonably good performance or that select from a pre-
defined set of features based on some measure (such as the conditional mutual information criterion sug-
gested by Ellis and Bilmes [13]). Splitting refers to a method of generating parallel features by dividing

either the recognition task into several sub-tasks and designing features accordingly (such as the heteroge-
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neous feature method developed by Halberstadt for phonetic recognition of the TIMIT database [21][22]),
or by dividing the spectrum into several sub-bands and generating features accordingly (e.g. [6][25]).

Clearly other types of “division of labor” are possible as well.

Despite the success of these previous attempts in generating and combining parallel features, they all
have some drawbacks and further improvements can be achieved in both the generation and combination
of parallel features for several reasons. First, current combination algorithms can be refined, especialy at
the stages of hypothesis fusion and probability combination. For example, in hypothesis fusion, most of the
existing methods are based on either a single best list or an N-best list of hypotheses, which represent only
asmall fraction of the information that is available from the decoder. This will cause much other valuable
information from the decoder to be discarded in the combination process, which will inevitably degrade
the performance of the combined system. In probability combination, many of the current methods ignore
differencesin the reliability with which different feature streams represent the various recognition classes.
While some current probability combination methods do place differing emphases in the contributions
from parallel features, the way in which the weighting factors is determined may not be directly related to
the objective of the combination process. In addition, most synchronous probability combination algo-
rithms (the category that is most widely used in probability combination) require the parallel systems to
share the same model structure (i.e. the HMM state identity) in order to carry the combination at the prob-
ability level. This constraint degrades the performance of the combined systems, which consequently

reduces the benefit to be obtained by probability combination.

Second, little work has been done toward the joint design or generation of parallel features to achieve
the maximum benefit from combination. While some current approaches simply select and combine the
single streams of features that individually provide best performance, there is no guarantee that the combi-
nation of those best-performing individual feature sets will also result in the best possible combined perfor-
mance, given that the objectives used in designing single-stream recognition features may be different
from the criterion that should be used in designing parallel features for combination. Other methods gener-
ate parallel features by splitting, but there is still no guarantee that parallel features generated in this fash-
ion will be the best possibilities for feature combination applications, since these parallel features are

designed in isolation, taking no account of how they could interact in combination applications.
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1.1 What thisthesisis about

The work described in this thesis consists of two components. The first component concerns new
refinement in combination methods. At the hypothesis fusion level we propose a | attice combination ago-
rithm that directly combine the lattices generated from individual features together. Compared with con-
ventional hypothesis-fusion methods that are based on either a single-best or N-best list, our new agorithm
utilizes lattices (rather than the hypotheses derived from them) as the inputs to the combination process.
Since lattices contain much more valuable information for decoding than the single best hypothesis or N-
best hypotheses, the combined performance will also increase correspondingly. Another new combination
algorithm is proposed at the probability combination level. Our new probability combination agorithm
assigns a weight to each individual feature set that reflects the reliability of that individual feature set in
representing each recognition class; this measure of reliability is estimated directly from training data. In
contrast to conventional probability combination algorithms which either treat parallel features equally or
assign them combination weights based on some measure which may not be directly related to combined
performance, our new approach takes into account the differing abilities of the various features to represent
each individual recognition class directly in a manner that will be most beneficial for combined perfor-
mance. We also refine probability combination in away that removes the conventional constraint that the
systems to be combined have the same model structure. This provides much more flexibility in the design
of the individual systems, which can enable them to be designed in away that is more likely to maximize

their individual performance, providing in turn the likelihood of obtaining better combined performance.

The second component of our thesis concerns a new approach to the design of the parallel features
themselves, in away that can provide the greatest benefit when they are used in combination. In contrast to
conventional feature generation algorithms, our approach develops parallel features jointly and directly
based on the objective of maximizing the likelihood of the correct recognition hypothesis, which is closely
related to maximizing recognition accuracy. We update parallel featuresin away that maximizestheir nor-
malized acoustic likelihoods over the likelihoods (or scores) of the incorrect recognition classes, conse-
guently reducing the word error rate (WER) of the combined system. Instead of generating parallel
featuresin an arbitrary format, we develop our parallel features as linear transformations from some origi-
nal speech representation (such as the short-time log magnitude spectrum of speech), which transforms the

process of generating parallel features into one of finding optimal linear feature transformation matrices.
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Our new approach of generating parallel features has several advantages over current feature generation
methods. First, by incorporating statistical models of the recognizer into the feature generation process, we
ensure that the generated features contain that information which is most beneficial for recognition without
placing undue emphasis on less important information. Second, our process of generating parallel features
involves interaction among those parallel features, and these features are generated using the same interac-
tions as they perform in the combination process. Third, our algorithm is also capable of generating single-
stream features by simply switching the optimization based on the normalized acoustic likelihood term
from the combined system to an individual system with a single stream of feature. The processes of gener-
ating asingle stream feature and generating parallel streams of features are unified under one framework in

our approach.

In addition to presenting new algorithms, we also compare the various combination schemes considered
and the effects of different parallel features on combined performance. We evaluate the different choices
of combining information at different stages, and present some guidance in choosing the appropriate com-

bination scheme under the specific requirement.

1.2 Dissertation outline

Thisthesisis organized as follows:

Chapter 2 provides an overview of automatic speech recognition based on the Hidden Markov M odel

(HMM). We discuss some of the details of HMMs that are relevant to our proposed work.

Chapter 3 reviews the concept of combining parallel features in speech recognition. We first describe
the three stages in speech recognition process where information from parallel features can be combined,
and along with representative combination algorithms at each stage. Then we discuss conventional

approaches to the design of parallel features for combination in speech recognition.

Chapters 4 and 5 describe our effortsto refine combination algorithms. In Chapter 4 we present the pro-
posed lattice combination algorithm. We first describe the nature of word lattices used in our work, and
then describe how these lattices are combined to produce a final hypothesis. We present our experimental
results and discuss lattice combination both in terms of its performance and in comparison to previous

hypothesis fusion algorithms.
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In Chapter 5 we present our proposed algorithms for improving probability combination performance.
The first algorithm introduces optimal weights to the individual feature streams. The second algorithm
relaxes the constraint that all systems to be combined share the same model structure. Thisis accomplished

through the use of a new definition of what it isthat is combined.

In the second part of the thesis, our new algorithm for generating parallel features based on the maxi-
mum normalized acoustic likelihood is presented in Chapter 6. We begin with a discussion of the genera-
tion of parallel features for optimal probability combination performance, and then simplify the algorithm
to the case of generating single-stream feature to provide the best recognition performance of an individual
system. We then discuss how this approach can be extended to optimize the generation of parallel features

to be used across multiple systems.

Finally, we compare and analyze the advantage and drawbacks of various combination schemes,
including our proposed new combination algorithms and our new feature generating algorithmsin Chapter
7. We aso summarize the major results and contributions of this thesis and highlight some promising

directions for future work.
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2. Review of Automatic Speech Recognition Technologies

2.1 Introduction

This chapter presents some background information that is relevant to the thesis. As mentioned in the
introductory chapter, the goal of our proposed work in both combination of feature streams and in paralléel
feature generation process is to improve speech recognition accuracy, so a basic understanding of how a
speech recognizer operates is important for understanding this thesis. In this chapter, we provide a general
overview of the whole speech recognition process from the point where a waveform is input to the recog-
nizer to the point where the final recognition hypothesis is generated. Specifically, we describe the pro-
cesses of developing a log-spectral representation [9][28] from the wavefile, transforming the log-spectral
representation into feature vectors that are used by the speech recognizer (e.g. MFCC [9]), and building
models and performing recognition based on the feature vectors of the incoming speech. we limit our dis-
cussion to systems that are based on Hidden Markov Models (HMM). We discuss work that has been done
in using multiple information sources to improve speech recognition accuracy, closing this chapter with an
analysis on recognition results from parallel information sources, which suggests potential improvements

in recognition accuracy that may be obtained by combining multiple feature streams.

2.2 Automatic speech recognition based on hidden Markov models

Speech recognition systems are a special case of pattern classification systems [65], where sounds or
subsequences of sounds (such as phonemes, syllables, and words) are modeled as distinct recognition
classes. The goa of speech recognition is to estimate the sequence of these sound classes that make up the
observed speech signal. Aswith all pattern classification systems, speech recognition systemsinclude two
stages. Thefirst stage is called feature extraction and refersto the extraction of relevant parameters from a
physical measurement (such as the sound pressure of a speech waveform), and the second stage is the pro-
cess of making a decision based on the observed values of the features. Figure 2.1 is a diagram that sum-

marizes these two processing stages.

2.2.1 Feature extraction

Speech recognition systems do not base their decisions on the speech signal directly, but rather on a set
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_ Extracted Recognition
Speech signal Feature Features Classifier Results
—> >

Extraction (Speech Recognizer)

Figure2.1. Block diagram of two-stage processing in speech recognition. Thefirst stage isfeature extraction,
and the second stage is classification.

of feature vectors derived from the speech signal. As with most current speech recognition systems, the
speech signal is first parameterized in this thesis into alog-spectral representation. We examine the deri-
vation of the log-spectral representation in more detail since feature generation is an important component

of the work in this thesis.

The original continuous speech waveform is first discretized via sampling and then segmented into a
seguence of short overlapping sequences which are called frames. The frame is the basic unit that carries
the information of the speech signal, and al processing described in this thesis is actually applied on a
frame-by-frame basis. The duration of aframe is normally about 20 ms because the speech signal is quasi-

stationary over thistime interval.

Each frame of the speech signal is then windowed and transformed into the frequency domain using the
short-time Fourier transform (STFT) [55]. The square of the magnitude is computed for each STFT com-
ponent, and these coefficients are then passed through a bank of triangularly shaped weighting coefficients
caled Md filters. This name reflects the Mel scale, which is one of several nonlinear scales that have been
constructed to reflect the resolution of peripheral human auditory frequency analysis. The Mel scaleislin-
ear at low frequencies and logarithmic at frequencies above 1000 Hz. There is a 50% overlap between
adjacent triangular “filters.” We take the log of the energy of each Mel-filter output. The set of theselogsis
the log-spectral representation of the speech signal used in subsequent processing. This process is illus-

trated in Figure 2.2.

In practice we usually apply a transformation that reduces the dimensionality of the log-spectral repre-
sentation and build the model based on the transformed feature vector. This eliminates potentially-redun-
dant information in the log spectra and also eliminates the confounding contribution of the pitch pulsesin
the representation. Some of the most commonly used transformations are the discrete cosine transform

(DCT) asis used in MFCC features [9], a matrix derived using principal component analysis (PCA)



2. Review of Automatic Speech Recognition Technologies Page 9

Speech Wavefile

| =~

'

Hanuping
Window

'

STET

'

O)f

v
i

¢

Log-spectral representations

Figure2.2. The process of extracting log-spectral features from a wavefile

[11][33] and a matrix derived using linear discriminant analysis (LDA) [11][29]. The feature-generation

part of thisthesis also discusses additional ways to generate these transformation functions.

2.2.2 Hidden Markov model based speech recognition

The representation of speech that is currently the most popular in automatic speech recognition is the
Hidden Markov Model (HMM). In HMMs, the speech production mechanism is treated as a stochastic pro-
cess which generates the observed speech signals. The speech production mechanism is assumed to oper-
atein afashion that can be characterized by a series of state transitions. These state transitions are assumed
to be modelled by a Markov processin that the probability of moving to a given next state depends only on

the identity of the current state. These state transitions are “hidden” in the sense that they are not directly
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observable. Asthe underlying process transitions from an arbitrary statei, it is assumed to produce avector
of observations that are probabilistic and depend only the state that is being left. These are the vectors that
are used by the speech recognition system in making classification decisions. In other words, the HMM is
a doubly-stochastic process, generating first the unseen state transitions, and subsequently the observation

vectors with probabilities that are conditioned on the identities of the sequence of states.

Most current speech recognition systems use a Gaussian mixture distribution for the observation proba-
bilities because the Gaussian mixture can approximate many different distributions and because the param-

eters of the Gaussian mixtures can be estimated relatively easily. In addition, the speech feature vectors are
closely approximated by Gaussian distributions. If we assumethat b, (i, X) isthe output probability dis-
tribution of the it state of recognition class w (which could be a word, syllable, or phoneme), then we

can represent b, (i, X) as

by (i %) = 3T a N Y 2 (2.1)
k

where  N(X, u}'}'k, Z}'j'k) and a}'}'k are the individual Gaussian distributions and mixture coefficients of
h . . :
the K Gaussian mixture component. The parameters u}'j'k and Z}',Vk represent the mean and covari-

ance of Gaussian component k. Z}'j'k is usually assumed to be a diagonal matrix for computational sim-
plicity.

The transitions of the underlying states of the HMM are modeled by the transition probability matrix
A,, Each element of this matrix a,(i,]) represents the probability of transiting from state i at time

instance t to state j at time instance t+ 1. Clearly, al elementsin the same row should sum up to 1:

Zaw(hl) =1 (2.2)
J

If weuse B, = {Ol}'j'k, u}'j’k, Z}',Vk} and A, = [a,(i,])] torepresent the state output probability dis-

tribution and transition probabilities, respectively, then the parameters of an HMM are completely defined
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by A, = {A, By} . The model estimation processin HMM training is simply that of estimating A,, for

each recognition class w. Figure 2.3 is a simple example of a 3-state HMM. $4 in the figure is the exiting
state, which can be treated as the first state (i.e. state S1) of another HMM. Once the transition enters the

exiting state, it actually starts another transition to anew HMM.

a,(1 1) 2,(2.2) 2,(3,3)

Figure2.3. An example of an HMM. $4 is the exiting state, once the transition enters into it, it will start the
new transition of another HMM.

In HMM modeling, the observation probabilities at different frames are treated as independent from

each other. The likelihood of a feature vector sequence X = {Xq, X5, ..., Xy} given the HMM state

sequence S = {s1, Sy, ..., Syp and model parameters A, can be written as:

POIS A = [POs: M) (23)

The complete likelihood of a feature vector sequence given the model parameters is the summation of

likelihoods of all the possible state sequence S

P(X|Ay) = STP(X, SIA,) = Z{l—l P(X|s )\W)]P(SD\W) 2.4)
S S|t

where P(xt‘st, A,,) isthe state observation probability asin Equation (2.1), P(S|A,,) isthe state transition

probability generated from the transition probability matrix A, in Equation (2.2):



2. Review of Automatic Speech Recognition Technologies Page 12

P(SIA) = []as(se Scx )P(SY) (2.5)
t

2.2.3 Viterbi alignment

Because the state sequence is hidden from the observations in HMMs, finding the specific state
sequence which generates the highest likelihood of the feature vector sequence is one of the fundamental
problems of using HMMs for speech recognition. Since in speech recognition we have only target informa-
tion (i.e. the identity of the true recognition class) available at the sentence or word level, the state
seguence can be treated as the target at the state level, which is frequently necessary for processing using

HMMs.

Although in theory one could try all possible state sequences and pick the one that has the highest like-
lihood, an efficient algorithm such as Viterbi alignment [75] is typically used in practice to aign the train-

ing transcript to the incoming speech signal to find the most likely state sequences. The process of Viterbi

alignment can be described asfollows. Let X = {X;, X5, ..., X\} be a sequence of feature vectors derived
from the speech signal containing a particular word W modelled by the HMM parameters A . Our goal is

to find a state sequence S = {sl, §2, s sAN} that maximizes the likelihood of the feature observations:

st:rl = Argmax{ P(X; ; 1, st+1‘§t, M} = Argmax{ P(X; ; 1| S+ 1, Sp P (St 4 1| A} (2.6)

Thelikelihood of this state sequence will be:

P(X, S|]A) = max{P(X, SA} = max{l_lP(le,sHl‘ét,)\)} (2.7)
t
Comparing Equation (2.7) with Equation (2.4), it is clear that the state sequenceé = {sl, éz, ey sAN} is

the candidate that has the greatest likelihood for the observed data out of many possible state sequences for
the word W. This sequence will be treated as the target of the HMM state class for the future processing.

We will return to the alignment issue in Chapter 6 in adiscussion of the generation of parallel features.
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2.2.4 Decoding and pruning the search space to generate the final hypothesis

In principle, the goal of the speech recognition processis to find the word \;V that has the highest pos-

terior probability given the acoustic feature observations X asin Equation (2.8)

W = Argmax{ P(W[X, Ayl = Argmax{ P(X|W, A,) P(W)} (2.8)

where P(X|W, A,) is the acoustic likelihood as in Equation (2.4), and P(W) is the language model
that describes the prior probahility of the word W.

Up until now we have used the symbol W to denote a single isolated word. More generally we use the
notation W = {wy, Wy, ...,w,} to describe a sequence of words in a phrase or sentence. If individual

words are modeled by uniqgue HMMs in the manner described above, then HMMs corresponding to

sequences of words can easily be made by concatenating the HMMs of the constituent words. The acoustic

likelihood term P(X|W, A,) can still be computed from the concatenated HMMs, and the language
model P(W) now becomes the probability of aword sequence.

In practical continuous speech recognition systems, however, processing as in Equation (2.8) becomes
computationally demanding to the point of being impractical because Equation (2.8) would have to evalu-
ated for every possible word sequence in the language. Thisissueis resolved typicaly by dividing the rec-
ognition processinto two tasks. Thefirst task, called “pruning” is to remove from consideration those word
sequencesthat are less likely and to find a compact representation of the more likely word sequences given
the observed speech feature vector. One of the most commonly used pruning algorithms is * beam” prun-
ing ([46][76]). Pruning results in a compact search space which contains only those word sequences that
have a higher probability of being the true word sequence. The word lattice is a convenient representation
of the pruned search space, and it will be described in more detail in the Chapter 4. At the same time we do
the pruning, we aso simultaneously search for the specific word sequence that has the greatest posterior
probability. This sequence will become the recognition output. Thisis referred to as the “ search” process-

ing. Some representative search algorithms include A* search [43] [76] and Viterbi search [75].
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2.3 Effect of using different infor mation sources on recognition accur acy

Aswith all pattern classification systems, the performance of a speech recognition system depends crit-
ically on the feature set that is used. Many different features have been proposed in speech recognition that
have (unsurprisingly) provided different levels of recognition accuracy. Because of differences in the way
features are generated, the recognition results provided by these different features could contain comple-
mentary information. If this complementary information can be combined together appropriately, better
recognition accuracy should be expected. Generally speaking, research in feature combination for speech
recognition can be divided into two sub-categories. approaches that combines acoustical features with
visual features, and approaches that combine different types of acoustic features. We now discuss these

two broad categoriesin alittle bit more detail.

2.3.1 Recognition using acoustical and visual features

Audio visual speech recognition (AVSR) is currently a topic receiving a great deal of interest, using
parallel information sources for speech recognition. In addition to extracting conventional acoustical infor-
mation contained in the waveform of a speech signal, as is done by conventional speech recognition sys-
tems, AV SR also utilizes visual information related to movements of the lips and mouth in the speech
production process. In fact, experimental results have shown that humans also rely on information like the
shape of the mouth and lips in identifying sounds. For example, in the McGurk effect [48] it is demon-
strated that most humans have a “fused response” in which they perceive a“DA” while they are actually

hearing “BA” but seeing the lip movement of “GA”.

In noisy environments, which are a major impediment to the large scale commercia deployment of
speech recognition systems, acoustical and visual feature streams are affected by environmental noise in
strikingly different fashion. The visual feature stream remains basically unaffected by environmental
noise, regardless of how low the signal-to-noise ratio (SNR) becomes. While the acoustical feature stream
generally outperforms the visual feature stream at higher SNRs, the performance of acoustical features
deteriorates rapidly as SNR decreases. When the SNR is extremely low (e.g. 5 dB or 0 dB), the acoustical
features are so degraded by noise that the visual feature streams clearly outperform them. Combining
information from visual and acoustical feature streams appropriately should result in better performance,

especialy in noisy environments. Thisisamajor motivation for research in AV SR.
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2.3.2 Different recognition performance using different acoustic features

We already know that acoustical and visual features perform differently in many conditions, and there
isapotential benefit of combining them together. In this section we will argue that a similar situation exists
in combining different types of acoustical features. While the fact that most current acoustical features are
all derived from various types of log-spectral representations (e.g. MFCC, PLP, PCA and LDA features, as
described above), they still perform differently from each other, largely because of different types of post-
processing on the log-spectral representation, so the possibility of achieving benefit from combination till

exists for these parallel acoustical streams.

As an example, in a series of pilot experiments we measured the recognition accuracy obtained using
MFCC features[9] and PLP features [23] on the DARPA Resource Management (RM) task [64]. We com-
pared the word error rate (WER) obtained using each feature set individually, and we also tested their per-
formance when combined using the method of probability combination which will be described in detail
later in this thesis. The individua WERs obtained using MFCC and PLP features were 10.29% and
11.49%, respectively, while the WER of the combined features could be reduced to 7.72%, a relative
decrease of almost 30% compared to the single best performing set of MFCC features. Although thisisjust
a simple example, it clearly shows the potential benefit that could be obtained from combining parallel
information sources, even though these parallel information sources contain a large portion of similar

information.

24 HMM implementations and speech cor pora used

2.4.1The CMU SPHINX-II1 continuous speech recognition system

The CMU SPHINX-I1I continuous speech recognition system [60] has been used for all experimentsin
this thesis. Like most large vocabulary continuous speech recognition (LVCSR) systems, SPHINX-III isa
phoneme-based system. Words are broken down into their constituent phonemes and each phoneme is
modeled by an HMM. The HMMs for words are built by concatenating the corresponding phoneme
HMMSs, in the same manner as word-sequence HMMs are constructed from individual word HMMs. We
use triphone context-dependent acoustical models, in which HMM states are modeled in terms of their left

and right context. To reduce the total number of model parameters needed by the HMM s for modeling all
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potential phoneme and context variations, the observation model parameters (i.e. the means, variances and
mixture weights) of Gaussian distributions in the state observation probabilities can be shared by the states
of different phonemes. States which share parametersin this manner are called “tied states’ or “senones”.

More information on this procedure can be found in [10], [30], and [31].

2.4.2 Speech corporatested in thethesis

In order to evaluate the performance of the various algorithms considered, we need to eval uate different
systems using a common database or databases. In this thesis, the following speech corpora are used: the
DARPA Resource Management (RM) database, the Wall Street Journal database (WSJO), the DARPA
Speech in Noisy Environment databases | and |1 (SPINE), and the Telefonica Investigacion y Desarrollo

(TID) database. We will briefly describe the characters of each database.

The RM database is a collection of recordings of spoken sentences pertaining to a naval resource man-
agement. Subjects read the sentence from written promptsin low background noise. The speech data were
recorded and down-sampled to 16 kHz and segmented into files corresponding to individual sentences.
Thenormal duration of these sentencesis 3 to 5 seconds. The training set used in our RM experiment con-
tains 2800 sentences uttered by number of different speakers of both genders. The testing set contains 1600
utterances from different speakers. The RM database contains about 1100 words. The HMMs used in RM
testing were 3-state continuous HMMs with triphone modeling. States of different context-dependent
phones were tied together to produce a total number of 2000 tied states (or senones). The number of Gaus-

sian mixtures used per HMM state (or senone) varies from 1 to 8 Gaussians.

The WSJ0 database is a much larger corpus than the RM database. It contains about 16,000 words in its
dictionary, and has 7024 sentences in the training set, and 600 sentences in the testing set. The sentences
both in the training set and test set are read from prepared text pertaining to North American business news
by a number of different speakers of both genders. With itsrelatively large vocabulary size, the WSJO data-
base is more challenging for the speech recognizer than the RM task. The HMM models used in the WSJO
database are also 3-state HMMs using context dependent triphone modeling, with different HMM states
tied together to share the same set of observation probabilities. The total number of tied states was 4000,

and the number of Gaussians per state varied from 1 to 8.

The SPINE databases contain tel ephone-bandwidth speech data corrupted by awide variety of noises at
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various SNRs. In the SPINE 1 set, the training data consist of about 720 minutes of unsegmented audio,
and the evaluation set has about 600 minutes of audio. The actual testing set we used in our experiment
contains 2000 sentences. The SPINE 2 database has about 7 hours of audio datain the training set, 3 hours
in the development set, and 7 hoursin the evaluation set. We selected 2900 sentences from the testing cor-
pus as our testing set. The models used in SPINE 1 and 2 were all continuous-context dependent triphones.
States were tied together for a total number of 2600 senones in the SPINE 1 set and 1200 senones in the
SPINE 2 set. We used 8 Gaussians per mixture in the SPINE 1and SPINE 2 sets.

The TID database is a 59-word Spanish-language telephone bandwidth speech corpus collected by
Telefonica Investigacion y Desarrollo in Spain. The training and testing sets that are used in our experi-
ments contain 3458 and 700 sentences respectively, and they are uttered spontaneously. The average sen-
tence is about 4.2 seconds long and contains 4.5 words on average. We used semi-continuous modelsin the

TID database with 3 states per HMM, for atotal of 400 tied states.

2.5 Summary

In this chapter, the basic operation of an HMM-based speech recognition system has been discussed.
The feature extraction process, by which an incoming speech waveform is converted into the log-spectral
representation, was described in detail. We then discussed how HMMs are used to model the distributions
of speech feature vectors, and how such models are used to obtain an estimate of the words sequence given
the speech feature vector. We then described Viterbi alignment which is used to find the most likely state
sequence given the transcript, and also talked briefly about pruning and search in the search space to obtain

the resulting recognition hypothesis.

In addition to providing some background in speech recognition, we also talked about the effects of
using different features on speech recognition results. We described the general observation of using visual
information to help (or confuse) humansin audio perception, and we also compared results obtained using
parallel acoustic features with their performance in combination, showing in the latter case the potential
benefit that may be derived from combination of parallel features. Finally, we described the specific recog-

nition system used in our experiments, along with the speech databases that were used.
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3. Combining Parallel Feature Streamsto | mprove Speech
Recognition Accuracy

3.1 Introduction

As described in the previous chapter, different features that are derived from acoustic or visual repre-
sentation of speech signal generally contain different types of information about the speech signal. They
produce different recognition results, and appropriate combination of these features can improve recogni-
tion accuracy. As noted above, parallel feature combination refers to both the specific way of fusing the
information contained in parallel features, and to the design of the parallel features themselves. Paradllel
feature combination and generation methods have received increased attention from researchers in areas
such as speech recognition, statistics, and machine learning, and many effective algorithms have been pro-
posed to utilize parallel information for better classification accuracy. In this chapter we review and dis-
cuss some of the successful methods in both parallel feature combination and parallel feature generation,
particularly in the context of large vocabulary continuous speech recognition (LVCSR) systems that use
Hidden Markov Models. We begin with a discussion of the specific combination methods to be used, and
continue with a discussion about the selection and generation of individual feature streams to be used in
combination. We conclude with an analysis of the advantages and drawbacks of these conventional meth-

ods.

3.2 Combination of information from parallel feature streams

Combination of information from parallel feature streams refers to the joint processing of information
embedded in parallel features for better recognition accuracy. Depending on the stage in the recognition
process at which that the information is merged, the combination is called hypothesis fusion, probability

combination, or feature combination.

3.2.1 Hypothesis fusion

Asiillustrated in Figure 3.1, hypothesis fusion refers to those approaches that provide combination of
the recognizer hypotheses arising from different feature streams after the search procedure is completed
(e.0. [3][15][45]169][ 74][78]). The hypotheses to be combined from different feature streams can be repre-
sented as a single best hypothesis, an N-best list of hypotheses, or even alattice of hypotheses.
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Xstream | Feature | X" | probapility | PX(MIW) Soorch W= Argmax{ P(WIX(n))}
— | Extraction > Computation > arc l
Combination—
Ysream | Feature Y(n) | Probability | PCY(MIW) W=F{ Wx,Wy}
—> Extraction > Computation »  Search
Wy=Argmax{ P(WY(n))}

Figure 3.1. Block diagram of hypothesis fusion, where information from parallel feature streams X and Y is
combined at the hypothesis stage after the final search in each system.

The most widely-used hypothesis fusion method is the Recognizer Output Voting Error Reduction
(ROVER) method [15] developed by the speech group at the National Institute of Science and Technology
(NIST). In ROVER, single hypotheses from different systems are first aligned to each other to form a
Word Transition Network (WTN) asin Figure 3.2, whose basic unit is a segment called a“ correspondence
set (CS)” . Each CS aligns one word or silence region from individual feature streams. The final hypothesis

that is generated is a concatenation of single words picked from each CS. A weighted voting scheme is

used in each CS to pick the word with the highest score. The overal score of each word W from the ith

correspondence set is determined by both the frequency of occurrence of that word and the confidence

score associated as weighted according to the parameter o asin Equation (3.1):

Score(W, i) = aNy, j+(1-a)Cy; (3.1

where Ny, ; and C,y; represent the occurrence frequency and confidence score of word W in CS i

respectively, and o is the weighting parameter that controls the relative contribution of these two quanti-

ties. The parameter a istrained from a priori datain the training set using a grid-search algorithm.
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Figure 3.2. A Word transition network used in ROVER. Each letter represent a word and the symbol @ repre-

sent a silence region. Each Roman numeral represents a segment.
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The ROVER method can be effective in improving recognition accuracy, especialy when there is a
large number of parallel feature streams to be combined. In addition, ROVER also has high flexibility in
combining the outputs of systems with totally different structures since information from the parallel fea-
tures or parallel systems is fused by merging their word sequences together. On the other hand, the
ROVER utilizes only the information of the word identity at the time of combination, discarding other
valuable information that could be relevant, and the benefit of parallel features or parallel systems may not
be fully utilized.

The Hypothesis Combination [69] method developed at CMU is another effective method that com-
bines single hypotheses. In this method, the combination of the hypothesesis based not only on the identi-
ties of the words to be combined but on their associated acoustic scores and durations as well. Each
hypothesis begins with a starting node and ends with an ending node. During combination, the algorithm
first builds a network by merging all the starting nodes and ending nodes from the parallel systems or fea-

turesasin Figure 3.3

5 5 : 4

South »|  Northwest » Confirm End
_ -3 -6 -2 -3

Fire »  Northwest » And P Go » And

Figure 3.3. Merging hypothesesfrom parallel systemsinto a merged hypothesis network.

Once the merge is accomplished, new transitions between words from the different feature sets can be
added if the words are time aligned. In addition, identical words from different hypotheses with similar

start times and durations are merged into a single word with an updated score asin Figure 3.4.

i
Northwest
%
Fire

Figure 3.4. Building new transitions between words from different systems, and merging identical words
from different hypotheses with similar time durations.

South Confirm

And

The final hypothesis is generated via a standard search procedure (e.g. A* search [43][76] or Viterbi
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[75] search) through this mixed hypothesis network. Compared with ROV ER, hypothesis combination uti-
lizes the additional information of acoustic scores and durations of the word hypotheses from each individ-
ual feature set, which produces better recognition accuracy if thisinformation can be utilized properly [69].
On the other hand, because hypothesis combination depends critically on the time alignment of the words
in merging information and generating the combined result, and because the same words are frequently
hypothesized with different time alignments by different features or systems, the advantage of hypothesis
combination over ROVER may diminish as the number of features or systems to be combined become
very large.

In addition to methods like ROVER and hypothesis combination that have as inputs the single best
hypothesis from each feature stream, some researchers have developed methods that combine information
from N-best lists of the most likely hypotheses emerging from each feature stream. For example, in thedis-
criminative model combination (DMC) method developed by Beyerlien [3], an N-best list is first gener-
ated, and the score of each hypothesis in the list is updated using a log-linear combination of scores from
different models. The scores from individual systems are combined with unequal weights, and the weight-
ing coefficients are trained either numerically using the generalized probabilistic descent (GPD) approach
[35] or derived as a closed-form solution. The final hypothesisis that which has the highest updated score.
Wu combined the outputs of a recognizer that used syllable-oriented features with the outputs of second
recognizer that used traditional phoneme-based features[78]. In this work, he first generated an N-best list
from each system, performed Viterbi alignment on the decoding result from each system to obtain the
acoustic and language scores of each utterance, combined the scores of the same utterance generated from

different systems, and finally selected as the final output the utterance with the best combined score.

Hypothesis combination has the advantage of being able to combine the outputs of parallel systems

with totally different model structures!, but the fact that the result is based only on the outputs of individual
recognizers creates its own problems and limitations. Let us refer to the space of all possible word
sequences that could be generated from a speech recognizer and their corresponding scores as the search
space. ldeally the goal of hypothesis combination should be to find the probabilities of each possible word

sequence within the search space from al individual systems, combine the probabilities for each possible

1. Hypothesis fusion only combines the recognition outputs together, so it doesn’t care how these recogni-
tion results are generated. Unlike probability combination, which will be described later, the process of
hypothesis fusion is independent from the process of generating the individual hypotheses.
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word sequence together to generate a new search space with updated probabilities, and determine the par-
ticular word sequence with the highest updated score. In practice this search space is very large, so the
hypothesis combination methods must work with only a subset of hypotheses from each individua system
rather than the complete search space. Because the different systems whose outputs are to be combined
may have different properties (such as different pruning characters different probability distributions
across different word sequences), the word sequence that appears at the output of one particular system
may not also appear at the outputs of other systems. In general, hypothesis-fusion algorithms have limited

ability to update the probabilities of word sequences that only appear at the outputs of some of the sys-

tems?, which will inevitably affect the final performance of the combined system. This drawback of
hypothesis fusion algorithms is more severe in speech recognition systems where two identical sequences

of words could be treated as different hypothesiswith one pruned from the output list and the other remain-

ing on the list, based on different time alignments>.

Two different approaches can be followed to improve the performance of the combined system. The
first approach isto increase the number of word sequences to be included in the subset of the search space
under active consideration, while the other is to find some representation other than a search space of final
output hypotheses as the basis for information combination. In the next chapter we will describe our work
directed toward increasing the search space subset in hypothesis fusion by using word |attices rather than
lists of work hypotheses as the basis for hypothesisfusion. With regard to alternate representations, we will
describe the probability combination method later in the thesis, including both already existing work in the

next section and our own new work in the area in Chapter 5.

3.2.2 Praobability combination

Probability combination refers to combination algorithms that combine the information from parallel

features at the stage at which probabilities are evaluated in the search process. As described in Figure 3.5,

2. Some hypothesis fusion algorithms, such as Sing’'s hypothesis combination [69], are capable of generating
the probabilities of certain words (or word sequences) that do not appear consistently in the outputs of all
systems by concatenating words together. But these probabilities (or scores) are generated in a manner
which replicates rather than updates the acoustic score of individual word sequences.

3. Two word sequences with identical word |abels will be treated differently if their time alignments are dif-
ferent, as their scores depend on time aignment. It could happen that one of the word sequence will remain
in the recognition output while the other is pruned out. Ideally we want to use the probabilities (or scores) of
these two word sequences to generate an updated score, as they indeed represent the same hypothesis. But
we will be unable to do that if only one of the word sequence remains in the recognition output.
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information from parallel features is combined by first generating the probabilities of each recognition
class from each individual system or feature set (which are generally the observation probabilities associ-
ated with each HMM state in an LVCSR), combining these probabilities via some combination functions
(such as summation, multiplication, or maximization), and finally generating a combined hypothesis based

on the updated probabilities using the normal search procedure.

Xstream | Feare | X | probapility | PXMIW)

—»| Extraction > Computation P(X ng S
v =HPXMW), I:’(Y(n)l\/\/)}
Combination Search |
W=
A
Y stream Feature Y(n) | Probability  |P(Y(n)|W) Argmax{ P(W[X(n),Y (n))}
—» Extraction ”| Computation

Figure 3.5. Block diagram of probability combination, where combination is done at the probability evalua-
tion stage before the final hypothesis search.

In contrast to hypothesis fusion agorithms, which combine the information at the stage of recognition
outputs, the merging of parallel information in probability combination is restricted to the combination of
recognition class probabilities before the final search. This approach provides both advantages and con-

straints compared to hypothesis fusion.

On the positive side, the recognition class® probability is a complete and more compact representation

of all possible word sequences in the search space than the recognition output representation®. In HMM-
based speech recognition systems, each word sequence with a specific time alignment can be represented
by a series of HMM chains, so the recognition class probability is a complete representation of the search
space in the sense that every possible word sequence in the search space has its corresponding HMM
chain. Because the number of HMM states in a practical speech recognition system is limited (typically
from 100 to 10000 states), we can use a limited number of HMM states to represent the potentially unlim-

ited number of possible word sequences in the search space. A complete representation is only possible at

4. Again, the recognition classes could be either HMM states, phonemes, syllables or even words which
constitute aword sequence.

5. Here the term “recognition output representation” refers to the recognition output, which could be asingle
best hypothesis, an N-best hypothesis list, or aword lattice.
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the probability stage, asthe number of word sequencesin an N-best list or even alattice will increase as the

size of the search space increases. As a simple comparison, the total number of HMM states in a conven-

tional recognition task with a 1000-word dictionary and an average sentence length of three words® is

approximately 2000 to 3000, while the possible number of word sequences could be up to 1000° = 10°,

Using probability combination to merge the states requires only 2000 to 3000 probabilities from each indi-
vidual system to update the score of all these 10° word sequences. Thisis avery small number compared
to the 10g word sequences per system7 that would be needed with hypothesis combination.

But probability combination is not without disadvantages. Compared with the flexibility of hypothesis
combination in combining different features or systems with totally different structures, probability combi-
nation imposes more constraints on the model structures used by the parallel features or systems. In
hypothesis combination, the parallel features or parallel systems to be combined can have totally different
structures. Since only the resulting recognition hypotheses will be merged, it doesn’t matter how these
hypotheses are generated. In contrast, using probability combination the probability of each recognition
class will be updated, which requires that the parallel features or systems use the same model structure or
at least similar structures. Although it is true that we can force the individual features or systems to use
similar model structures, the unique strengths of individual features or systems may not be fully utilized,

which potentially may adversely affect the recognition accuracy of the final combined system.

Probability combination can be performed either synchronously (as in Figure 3.6), where the combina-
tion of observation probabilities of states is performed on a frame-by-frame basis, (e.g. [6][12][17][25]
[27][34][52][59][80]), or asynchronously (as in Figure 3.7 and Figure 3.8), where the probahilities are
combined only at some higher-level unit (such as phonemes or syllables) instead of the HMM state (e.g.
[5]1[6][71[19][47]1[73])- The state sequences of each individual feature stream are identical in synchronous

combination, but they may be different when asynchronous combination is used.

Synchronous combination is more constrained than asynchronous combination, and one motivation for

6. Many practical speech recognition tasks have on average 10 to 15 words per sentence. Even the same
word sequence may have different time alignments over multiple hypotheses, which makes the situation
even more complex.

7. In hypothesis combination we need the scores of each possible word sequence to generate the updated
scores.
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Figure 3.6. Synchronous probability combination of two feature streams A(t) and V (t). State sequences within
feature streams are identical to each other. F is the combination function used to update probabilities.

Word: F[P(AW1), P(VW1)]  Wordz  F[P(A,W2), P(V,W2)]

Figure 3.7. Asynchronous probability combination of two feature streams A(t) and V(t) using the multi-
stream approach. The circle X is the synchronous unit, where probabilities from different feature streams are
combined together. F is the combination function. The actual state sequences of the two feature stream can be
different from each other.

AlV1 A2V1 A3V1

Figure 3.8. Asynchronous probability combination of two streams A and V using composite
HMM[5][7][73].

using asynchronous combination is that the parallel feature streams to be combined together are frequently
asynchronous with respect to each other. For example, when we combine an acoustical feature stream with

avisua lip-reading feature stream in audio-visual speech recognition, the motion of the lips usually pre-
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cedes the audio stream. Using asynchronous combination of the probabilitiesis more valid than forcing the

parallel feature streams to be synchronous with each other.

There are at least two ways of implementing asynchronous combination: the multiple-stream approach
(e.0. [6][47]) as in Figure 3.7 and the composite-HMM approach (e.g. [5][7][73]) as in Figure 3.8. (The
composite HMM is sometimes al so referred to as a “ product HMM.”) In the multiple-stream approach the
likelihoods of higher-level synchronous units such as phonemes or words are first computed from each
individual feature stream. The probability scores of these synchronous high-level units are then combined
and afinal hypothesisis generated directly based on the probabilities of the higher-level units. In contrast,
the composite HMM, illustrated in Figure 3.8, is a multi-dimensional HMM with each dimension corre-
sponding to one feature stream. Hence, each state of a composite HMM represents the joint status of all
incoming feature streams, and the observation probability associated with that state is computed based on
the observation probabilities of the parallel feature streams. The total number of states in a composite
HMM isthe product of the number of statesfor each single stream and the number of total feature streams.
Some states (e.g. A1V 3, A3V1 in Figure 3.8) that are far from the diagonal components (which represent
states at which all feature streams synchronous with each other such asA1V1, A2V2, A3V 3in Figure 3.8)
can be removed [5][7].

Multiple-stream methods are more appropriate (and more tractable) than composite HMM approaches
when the number of parallel feature streamsto be combined is very large, since the number of statesin the
composite HMM (which increases exponentially with the number of feature streams) prohibits the usage of
this method in situations where the number of paralel feature streamsis very large. Multiple-stream com-
bination has an additional advantage over the composite HMM in that it is very similar to the synchronous
combination approach, which means that we can easily transfer methods of synchronous probability com-
bination to an asynchronous system based on multiple-stream probability combination with little additional
work. In fact, the only difference between these two approaches is that synchronous probability combina-
tion combines the probabilities of states together on a frame-by-frame basis, while multiple-stream asyn-

chronous fusion combines the probabilities of some high level units (such as phonemes, syllable or words).

Both synchronous combination and multi-stream asynchronous fusion require some specific combina-
tion function that is used to update the probabilities of the recognition class. Depending on the form of
combination function, probability combination methods can be divided into the two categories of
unweighted combination and weighted combination. Unweighted combination refers to those approaches
in which each feature is considered to be equally important in updating probability scores (e.g. [38][40]).

The most common methods of unweighted probability combination are summation as in Equation (3.2)
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Ps = I31,5"'|32,s+F’S,s"'"'"'F)N,s, (3.2

multiplication, (or log-summation) asin Equation (3.3)

LogPs = LogP1’s+ Long’s+ LogP3’5+ I LogP,\Ls (3.3)

and maximization asin Equation (3.4)

PS = MaX( Pl, g PZ, s Pg’ s PN, S) . (34)

where P represents the updated probability for Class S, and P; ¢ isthe probability of Class Sfrom feature

streami.

A second type of combination operation isweighted combination, in which different feature streams are
treated differently (e.g. [1][2][8][19][34][47][51][52][53][61][ 71]). One example of weighted combination
is the weighted linear combination of log probabilities asin Equation (3.5):

LogPs =ap sLogP1’s+ ay sLogPZ’s+ ag sLogP375+ Lotay sLogPN’s

N
Z 3 g=1 (3.5

i=1
where a; ¢ isalinear coefficient representing feature stream i for Class S, which can either be shared
across all recognition classes for the same feature stream, or be made to depend on each recognition class
aswell as each feature stream. The coefficient a; ¢ isameasure of the contribution of each feature stream

i to the final updated probability score of recognition Class S, and it can be obtained via many different
ways.

Most weighted combination algorithms either require a training process that tunes the combination
weights & ¢ (eg. [1][2][6][8][19][25][34][39][47][50][51][52][53][54][61][62][66][71]), or generate
these weights adaptively based on a criterion such as the entropy of individual feature in predicting the
probabilities of the recognition classes (e.g. [32]). As an example of the former category, combination
weights can be generated based on either the recognition accuracy or the signal-to-noise ratio (SNR) of
each individual feature stream (e.g. [1][6][8][51][71]). Other systematic approaches to weighting-function
development include the use of discriminative training methods such as minimum classification error
(MCE) (e.g. [19][50][52][53][61]), or maximum mutual information (MMI) (e.g. [34]) to derive the combi-
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nation weights. Some researchers have used various confidence measures to determine the combination
weights (e.g. [1][39][62][66]). In audio-visua speech recognition, the weighting of audio and video
streams frequently depends critically on the ambient SNR. The ratio of voicing within each utterance or
each frame, a measure that is correlated with SNR, can also be used to derive the weighting coefficients
(e.0- [2]). Since there is no mathematical justification for linearly combining probabilities, some research-
ers have also proposed methods of updating probabilities using a multiple linear perceptron (MLP) net-
work, with inputs that are the probabilities of all recognition classes from all feature streams and outputs
that are the updated probabilities for all recognition classes (e.g. [6][25]). In certain situations where the
number of weightsis limited (e.g. when weights are shared by different recognition class within each indi-
vidual system), an exhaustive search over a validation set may be feasible based on certain criteria (such as

minimum classification error) to generate the coefficients (e.g. [52][47][20][56]).

In addition to these a gorithms which generate the combination coefficients offline through some train-
ing process, agorithms have also been devel oped that generate the combination weights on line in an adap-
tive fashion. One example of such approaches is the entropy-based multi-stream full-combination method

proposed by Ikbal et al. [32]. In that approach, the combination weight &;  depends only on the feature

stream i but not on the recognition class s. In contrast to schemes where the combination weights are fixed

throughout the combination process, the weights a; (which are no longer dependent on the class s) are

adaptively changed from frame to frame. At each frame, the combination weight of the stream i is the nor-

malized inverse value of its entropy as in Equation (3.6)

1/h
ai =
Zl/ hj

where h; isthe entropy of feature stream i at the current frame.

(3.6)

3.2.3 Feature combination

The third way of combining information from parallel features is to merge their information at the fea-
ture level, which is called feature combination. This method cannot be easily applied to situations where

information is combined across different recognition systems.

Asillustrated in Figure 3.9, feature combination refers to the extraction and combination of parallel fea-
ture sets prior to probability evaluation. As the name implies, feature combination is accomplished by con-

catenating al features together to form a new feature vector (e.g. [1][62][63][71]), and performing
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Figure 3.9. Block diagram of feature combination. [X(n)Y(n)] is a dimension reduced concatenated feature
vector.

recognition directly on the basis of this new feature vector. To avoid problems associated with insufficient
training data and the curse of dimensionality, it is common to reduce the dimensionality of the new concat-
enated feature vector using a linear transform such as principal component analysis (PCA) (e.g. [11][33])
or linear discriminant analysis (LDA) (e.g. [11][29]). Feature combination agorithms are intuitive and
very simple in implementation since the combination can be done easily without any modification to the
recognition and hypothesis search stages. Nevertheless, the effects of feature combination may be affected
by noisein individual feature streams, since noise from a single feature stream may be spread to all other
components of the concatenated feature vector through the linear transformations used in dimension reduc-
tion. In addition, concatenating parallel features may have asimilar effect as multiplying their correspond-
ing probabilities together, because we normally use diagonal covariance matrices for modeling state
observation probabilities. While the dimensionality-reduction transformation may introduce some addi-
tional effects, concatenation of statistically-independent features is generally equivalent to multiplying
their probabilities. Thisisjust a subset of all the possible ways in which their probabilities could be com-
bined using probability combination, so the use of probability combination rather than feature combination
may provide greater flexibility. Finally, feature combination implicitly assumes synchronicity among the
parallel featureswhich are concatenated. When feature streams are not actually synchronized to each other,
some approximations (such as linear interpolation) must be applied, which may also adversely affect the

performance of the combined system.

3.3 Generating parallel feature streamsto improvetherecognition accuracy of

the combined system

The performance of the combined system depends as critically on the parallel feature streams it uses as

on the specific method of combination. Intuitively, theideal set of parallel feature streams used in the com-
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bination should provide complementary information regarding the speech signal. While the individual fea-
ture streams do not need to achieve perfect recognition by themselves on the whole recognition task, each
stream should have its own “expertise” in the recognition task, and the union of these expertise should
cover amuch greater portion of the recognition task than each individual stream. The performance of the
combined system depends jointly on the paralel features and the specific combination method used. For
example, if we combine afeature stream with itself it isvery likely that we will achieve no further benefit,
no matter how we perform the combination, because the information in the “parallel” feature streams is
identical. If the parallel features are not sufficiently different or complementary to one ancther, the imple-

mentation of combination methods will not make much difference in recognition accuracy.

While there has been arelatively large amount of work in parallel feature combination methods, partic-
ularly at the probability combination level, only a small amount of work has been done in the field of
designing parallel features. Most researchers have used one of three different approaches to the design or

choice of parallel feature streams for combination.

The first general approach is to pick some conventional individual features for use in the system to be
combined according to some criterion. One such example is the work by Ellis and Bilmes [13] that
explores the combination of PLP features [23] with features based on modulation-filtered spectrograms
(MSG) [37] using different ranges of modulation frequencies. In that work, they first trained single sys-
tems based on each of the available individual feature stream using either PLP or MSG features, and then
measured the conditional mutual information (CMI) between each pair of classifier outputs, selecting the
pairs of streams with the lowest CMI measure for use as parallel features. Another example of combining
well-performing conventional single streams of feature is work done by Kingsbury and Morgan [36], in
which PLP features were combined with log-RASTA-PLP and JRASTA-PLP features [24] in the recogni-
tion of reverberant speech. The two most commonly-used conventional single-stream features, MFCC and
PLP features, are frequently combined asin the lattice combination work described in [45] and later in this
thesis. In the audio-visual speech recognition field, many researchers simply extract features independently

from the acoustical and visual streams and combine them together.

A second way of designing parallel feature streams is through “ splitting” . The entire recognition task
can be split into several sub-tasks, designing specific feature to accomplish each sub-task, and combining
these features (or the decisions derived from them) together. For example, in Halberstadt’s work on heter-
ogeneous features [21][22] for phonetic recognition of the TIMIT database, he split the task of phonetic
recognition into a hierarchical process that first identified the label of the class to which a phoneme

belonged, and then determined the specific phoneme within that class. He divided the whole set of phones
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into the classes of vowel/semivowel, nasal, stop, fricative, and chose different sets of features within each
phoneme class by varying parameter values such as the duration of the analysis window, the dimension of
the feature vector, the number of time derivative components used, and the inclusion or exclusion of pitch
and energy information in the feature vector. The individual feature streams within each phoneme class
were developed in an ad hoc manner based on general phonetic knowledge. They were combined together
based on either hierarchical or voting methods as described in [21][22]. Another approach to splitting isthe
generation of parallel feature asin the “ multi-band” speech recognition approach devel oped by Bourlard et
al. [6] and Hermansky, et al. [25]. They divided the speech spectrum into several sub-bands, extracted fea-
ture streams from each band (such as the energies from critical bands included within each subband aug-
mented by their first-order time derivatives), and combined these multi-band feature streams. Multi-band
approaches have been proven effective in noisy environments, especially in situations where the speech

signal is corrupted only in a subset of frequency bands.

Another approach to the generation of parallel featuresis to adjust specific system parameter valuesin
the feature generation process to capture information at different scales. For example, in the BBN BY B-
LOS system [4], parallel features were generated by adjusting the analysis frame rate between 80 and 125
frames per second in order to capture information at different temporal scales. Halberstadt’s heterogeneous
features was similar in part, since he generated parallel features by adjusting the duration of the Hamming
window from 10ms to 30 ms, among other feature manipulations.

Despite the substantial improvement achieved by combining the parallel features mentioned above,
they still have two major drawbacks. First, most conventional parallel features sets had been designed
independently of each other. Optimal performance in feature combination is likely to be obtained when the
interaction of feature sets is taken into consideration as well. In addition, in current systems, the feature
generation process is typically isolated from the feature combination process. We know that the combina-
tion performance depends both on the type of combination approach used and the parallel features that are
used for the combination. Best performance is likely to be obtained if parallel features are designed in a
way that takes account of the way in which they are combined. We will address this issue in our work in

the generation of parallel featuresin Chapter 6.

3.4 Summary

In this chapter, we have presented an overview of algorithms that have been developed for combining

parallel streams of information within a speech recognition system or across multiple recognition systems.
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We began with a discussion of the hypothesis fusion algorithm, where information from parallel features
or systemsis merged at the level of the outputs of parallel recognition systems. We then considered proba-
bility combination, where parallel information streams are combined at the level of probability evaluation
in the decoding process. Finally, we described feature combination algorithms, which combine the values
of feature vectors at the beginning of the recognition process. We describe the advantages of combination

at each stage, along with their drawbacks.

We also briefly described some of the existing work that has been done in the design of parallel features
for better combination performance. This includes the selection of several streams of individual features
for combination, as well as the splitting of a recognition task into sub-tasks and developing features that
are optimal for each subtask. We a so described efforts toward the generation of parallel features by adjust-

ing feature-generation parameters such as the analysis frame rate.

As noted above, al information combination approaches have some drawbacks, and further improve-
ments on them may be useful. In the next three chapters we will describe our efforts toward the improve-
ment of various combination method and toward the more systematic design of parallel features. In
Chapter 4 we describe a new hypothesis fusion algorithm called | attice combination, which combines word
|attices devel oped from individual recognizers to improve hypothesis fusion performance. In Chapter 5 we
discuss our efforts toward the refinement of probability combination methods. In Chapter 6, we focus on
the issue of designing parallel features for improved recognition accuracy in the combination system. We
discuss our new parallel feature generation algorithm which generates parallel featuresjointly to improve

their combined performance. In Chapter 7 we summarize our work and the conclusions we draw from it.
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4. L attice Combination

4.1 Introduction

We noted in the previous chapter that hypothesis fusion is one way of combining the recognition results
obtained from parallel systems or parallel features. In this chapter we present the new hypothesis fusion
algorithm that we refer to as lattice combination, which combines the |attices generated from parallel fea-
tures or systems. Lattice combination is different from conventional approaches such as hypothesis combi-
nation or the ROVER method in that it combines information from parallel processing at the lattice level
rather than at the level of the hypotheses that are developed from the word lattices. We begin this chapter
with a comparison of lattice combination to the combination of a single best hypothesis or a set of N-best
hypotheses from parallel recognizers. We then describe the specific procedures used to combine lattices
and generate the final resultant hypothesis from the combined lattice. Finally, we compare the performance
of our lattice combination algorithm with that of previous agorithms, closing the chapter with an analysis

of the comparative advantages of the various algorithms.

4.2 Combining recognition results at the lattice level

4.2.1 Organization of word lattices

A word lattice is acompact representation of the best-scoring word hypotheses developed by the recog-
nizer, and it contains many more word hypotheses than that could be represented by an N-best list with the
same amount of storage space. Lattices are directed acyclic graphs such asthe oneillustrated in Figure 4.1.
Nodesin thelattice are associated with candidate words and their starting and ending frames, and the edges
in the lattice represent the possible transitions of words in the hypothesis. A given word may occur in dif-
ferent hypotheses with different ending frames and/or be followed by different words. Since these varia-
tions may result in a different acoustic score for the same word, acoustic scores are stored in the edges
rather than the nodesin alattice. Each path that starts from the beginning node (“<s>") and ends at the end-
ing node (“</s>") in the lattice represents a specific hypothesized word sequence. The likelihood of a
hypothesized phrase or sentence is obtained by adding the log-scores of the included edges, which contain
both the acoustic scores that are directly associated with the edges and the language model score based on

the context information of that edge.
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(26;31,50) (51;90,110)

Figure4.1. Anexampleword lattice. All the hypothesized word sequences begin at the starting node <s> and
end at the ending node </s>. Each node represents one word, as labelled around that node. The numbers (X;Y,Z)
below each node represent the beginning time X, the first possible ending time Y and the last possible ending
time Z of the node. The italic number associated with the edge represents the acoustic score of the correspond-
ing word transition.

4.2.2 Rationale for combination of hypotheses at the lattice level

Fusion of information from parallel recognizers at the lattice level rather than at the hypothesis level
(i.e. combination of a set of single best hypotheses or an N-best list of hypotheses) is advantageous for a
number of reasons. A lattice contains many more word sequences than a single best hypothesis, but it is
also avery compact representation which requires much less storage space than an N-best list. We will first
talk about the advantage of combining multiple hypotheses over single best hypotheses, and then we will
describe why we choose lattices rather than N-best hypothesis lists as the data structure within which the

combination is achieved.

The advantage of using multiple hypotheses over a single best hypothesisin combination is obvious. In
hypothesis combination, we generate the “union” of al the possible word sequences from the outputs of
parallel systems, and determine the particular word sequence (or sequences) with the highest score from
this union. When each individual system generates multiple hypotheses outputs, the union of these outputs
will be much larger than the output that would have been generated with only the single best output from
parallel systems. As aresult, the union of multiple hypotheses is more likely to contain the correct word
sequence than a union generated from the single best output of a set of parallel systems. Thisis the advan-

tage of combining multiple hypotheses over the combination of single best hypotheses.

Both N-best lists and lattices can be used to represent multiple word sequences, but the lattice still has
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the advantage of being a more compact representation of multiple hypotheses than an N-best list. For the
same number of multiple hypotheses, lattice uses only a small portion of the storage space compared to
what would be required by an N-best list. The combined performance of an N-best list representation or a
lattice representation could be the same, as they both represent the same set of multiple word sequences.
But the compactness of the lattice still makes it a better structure for hypothesis combination than the N-
best list. As an example, the lattice shown in the Figure 4.1 contains 9 nodes and 16 edges. Each node
would require 4 storage locations to store the word label, starting time, first ending time and last ending
time, and each edge requires 3 storage locations for the outgoing node, ending node and corresponding
acoustic score. The total number of storage locations required for the lattice in Figure 4.1 is just
9x4+16x3 = 84. If we use an N-best list to represent al the possible word sequences in that lattice,
there will be 16 word sequences in total, each of them contains at least 5 words (including the <s> and </
s>), except for the word sequence “<s> No Location </s>", which contains only 4 words. Each word in a
word sequence (except the last </s> word), requires 3 storage locations to store itsidentity, beginning time,
and the corresponding acoustic score. So the total number of locations required for an N-best list represen-
tation would be at least (15 x 4 + 3) x 3 = 189, which is more than twice the amount of storage required
for the lattice representation. Please keep in mind that the lattice shown in the Figure 4.1 isjust avery sim-

ple example without many edges between different nodes. Actual lattices generated in real speech recogni-

tion are much more complex than this examples, causing the motivation for the use of lattices rather than
N-best lists for multiple word sequences representation in hypothesis combination to become increasingly

more compelling.

4.3 Thelattice combination procedure

The general process of combining lattices generated from parallel systemsis asfollows: we first merge
the beginning and ending nodes of the utterances in the component lattices together to generate an initial
combined | attice. Then we merge certain edges together if they satisfy certain constraints. We also add new
edges between nodes that originated from different lattices based on a set of rules. Finally, we search for

the path with highest overall probability from the merged (and modified) lattice to produce the final com-

8. As an example, for a small-vocabulary recognition task with around 1000 words and an average sentence
length of 8 words, the average number of nodesin alattice is about 500, and the average number of edgesin
alattice is about 2500.
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bination hypothesis. The whole process of lattice combination isillustrated in Figure 4.2. We will discuss

each of these stepsin more detail in this section.

[ A p——

Acoustic score normalization

[T ] e

Merge beginning and ending nodes together

‘ Initially-merged lattice
Merge edges together

‘ Combined lattice with merged edges
Create new edges

‘ Combined lattice with new edges created

Search for the final hypothesis

l Final hypothesis as combination result

Figure4.2. Diagram of the lattice combination process.

4.3.1 Merging the beginning and ending nodes

All paths in the lattice begin at the starting node (“<s>") and end at the ending node (“</s>"). Although
these starting and ending nodes don’t have specific meaning, they are treated as the silence regions at the
beginning and end of an utterance. When parallel lattices are combined together, their corresponding start-
ing and ending nodes will first be merged together to generate a larger lattice in which all the paths start

from the merged starting node and end at the merged ending node.

4.3.2 Merging edges

Merging the lattices' beginning and ending nodes will generate a very large lattice, and the goal of the
next of processing is to reduce lattice size by merging certain edges together. In our lattice combination

algorithm, edges originating from different lattices can be merged together if they satisfy the following
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conditions:

» Their outgoing nodes have the same word label
» Their outgoing nodes have the same beginning and ending frame
» Theword labels of the ending nodes of these edges have the same first phoneme

To merge these edges together, we first merge their outgoing nodes together into a new node, which
shares the same information (i.e. word label, beginning frame and ending frame) with the previous outgo-
ing nodes. The acoustic scores of these merged edges are then updated according to some functions to be

discussed later.

The decision whether or not to merge is based on the three conditions above because most current
speech recognition systems use context-dependent acoustic modeling. The acoustic score for a word
depends on its context and is hence associated with an edge instead of anode in the lattice. If there are mul-

tiple edges originating from different lattices that have the same word |abel (for example, W) with the same

duration (for example, from T, to T, ), and that are leading to the same first phoneme for their right con-

text, then their acoustic scores should be the same in the merged lattice since they all represent the exact
same acoustic transition. More commonly, these scores will differ for a variety of reasons (e.g. imperfect
modeling of each individual systems, different features used in the parallel systems, etc.). Because of this,

we need to combine their scores together into a new score that can be shared across al of the edges.

The combination functions considered include maximization as in Equation (4.1), summation (i.e. the
algebraic mean) asin Equation (4.2), and multiplication (i.e. the geometric mean) asin Equation (4.3). The
notation P's _, g in these equations is the score of the merged edge from node Ato B, and P, _, g ; isthe
individual score of that particular edgein latticei. Figure 4.3 shows an example where the edges from the
node “ LOCATION” to the node “AND” are merged together.

; - 4.1
PA—'B_MaX{PA—»B,l’PA—»B,Z’“"PA—wB,I\I} ( )

N

\l 1

Pa.e=y 2 Pa-Bi (4.2)
i=1
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1
N N
Pa_g=|[]Pa-si (4.3)
i=1
SHOW .5  LOCATION AND
@
LOCATION _g Original lattice
- without the

/s>  merged edges

LOCATIONS -7

-6
@
. LOCATIONS .
- e -
SHOW AND

New lattice with <s>
merged edges LOCATIONS -7

@

LOCATIONS

Figure 4.3. Example of merging edges. The merged edges and the node are marked with green. Two sets of
parallel edges (from “LOCATION” to “AND”, and from “AND” to “</s>") can be merged together. We only
merge the first set for demonstration purpose. The parallel edges from “SHOW” to “LOCATION” and from
“LOCATIONS’ to “END” cannot be merged together because they either start at different time frames or end at
different time frames.

4.3.3 Creating new edges

In addition to merging edges, we can also create new edges between nodes that originate from different
lattices provided that the word label and time information of these nodes satisfy certain conditions. Specif-
ically, we can create a new edge from Node A to Node B if the following conditions are satisfied:

» Thereis an edge from Node A to another Node C, and the difference in the beginning frame of Node

B and Node C iswithin some threshold (e.g. 3-4 frames or 30-40 ms).

» Thefirst phone of Node C isthe same as thefirst phone of Node B.

The new edge will start from Node A and end at Node B. The acoustic score associated with this new

edge can be estimated from the acoustic score and duration of Edge A to C, and the duration of the new
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edge asin Equation (4.4):

N B
Sp.B=™ (Ba_c (4.4)

where § | ; and D;

i are the acoustic score (in log units) and the duration of the edge from Node i to

Node j respectively.

Creating a new edge under these circumstances is reasonable, because if the existing edge from Node A
to Node C specifies that Node A can end just before Node C at the timeinstance right before Node C, Node
A should also be able to make atransition to Node B, provided that Node B has a similar beginning time to
Node C. The second constraint is imposed because of the context-dependent acoustic modeling used in
current speech recognition systems. When we created a new edge from Node A to B, we need to also
assign an acoustic score for that edge. The acoustic score associated with an edge depends on the specific
value of the feature vector in the specific time duration of that edge, and it also depends on the models,
which are based on the label of the word of the outgoing node (e.g. Node A) and the first phoneme of the
incoming node to that edge (e.g. Node B or C) if we use triphonetic context-dependent modeling. By con-
straining Nodes B and C to have the same first phoneme, the models used in computing the acoustic scores
of the edges A to B and A to C become the same. As both edges span approximately the same duration,
their acoustic scores should also be very similar to one another. In addition, since the acoustic score of an
edge is the product of the acoustic scores for al the frames within the duration of that edge, linearly esti-

mating the log-acoustic score of the new edge as in Equation (4.4) is a valid approximation.

Figure 4.4 shows an example of the creation of new edges, with the acoustic scores of the new edges
assigned using Equation (4.4).
4.3.4 Score nor malization

The lattice combination method also requires that acoustic scores be normalized across the different lat-
tices before they are combined together. Aswith all other statistical pattern classification systems, the goal

of the statistical speech recognizer is to pick the Class C (i.e. the hypothesized word sequence) with the

maximum a posterior probability P(C|X) = P(X IS(XE)P < , Where X represents the acoustic features.
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SHOW g5 LOCATION

Merged lattice without new edges created

<s> < /s>

SHOW .5 LOCATION

SHOW o LOCATION .10

Merged lattice with new edges created -3 -
-5
<s> 4.‘\49
NO LOCATIONS -7
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Figure4.4. Example of creating a new edge. All newly-created edges are marked in green

When there is only one feature stream used in the recognition, P(X) remains constant for all the recogni-

tion classes, and the classification decisions made on the basis of P(X|C) [P(C) or P(C|X) will be iden-
tical to each other. It is possible that the acoustic scores P(X|C) produced by the individual recognizers

from which the combined lattice is generated from may not have comparable numerical rangesg. If we
combine their scores without proper normalization, classification information embedded at certain individ-
ual feature or system may diminish. For example, if summation (i.e. algebraic mean) is used as combina-
tion function, the un-normalized acoustic scores from an individual system with very low absolute values

will be overshadowed by the acoustic scores from systems with greater absolute values.

The specific score normalization scheme used in our lattice combination algorithms is based on the

maximum acoustic score of states within each frame. The specific process can be described as follows: In

generating lattices from individual recognizers that are later to be combined, for each feature vector X; at

9. We use probability density functionsinstead of the actual probabilities in continuous HMM modeling, so
the acoustic scores from different systems or features may have different dynamic ranges. In addition, the
dimension of the features in these parallel systems may also be different from each other. This will also
cause the acoustic scores of different systems to have different dynamic ranges.
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framei, P(X; ‘%) , the acoustic score of HMM State % , isnormalized based on the highest acoustic score

among al the HMM states at that frame, Maxj{ P(X; ‘%)} . The normalization factor for any edge in alat-

tice is the sum of these maximum HMM state scores (expressed in log values) over the entire duration of

that edge. Here is an simple example. Suppose we have an edge EWl , in the lattice that represents the
transition from word W, to word W, starting at time instance T, and ending at time instance T,,. The

state sequence associated with this edgeis S=§, 1, S, , 2 Sy, ,n . With Sate §, ;

occurring at framei. The acoustic score of the edge before normalization is

P(Xy - nlEw, ) = [TPOGi[Sw, 1) (4.5)
[
The normalized acoustic score associated with that edge I;’(X1 . n‘ Ew, ,) is
Xi|Sw, ) _ P(XXg_ n|Ew, ,)

N ~ P(
P(Xl - n‘ Ewlqz) - |_| Man{ P(XI‘%)} - (46)

|‘| Maxj{P(Xi‘g)}
i=1

n
with |_| Max{ P(Xi|S)} the normalization factor of the edge Ew, -
Y

Asrreflected in Equation (4.6), the normalized acoustic score I;’(X1 . n‘ Ey, ,) will beinvariant to the

scale of the acoustic score of individual HMM state since

) _ o P(XSw, L) KIP(X([S,, L)
P(Xy _ n|Bw, ) = UMan{p(Xiﬁ)} - UMaxj{KD:’(Xiﬁ)}

4.7)

4.4 Sear ching for the final hypothesis from the combined lattice

After normalizing the acoustic scores, merging the appropriate edges, and creating new edges, the final
hypothesis is generated from the combined lattice by searching for the path with the highest accumulated
score from the combined lattice. This can be done using many different search algorithms such as A* or

Viterbi search. We use Viterbi search in our lattice combination algorithm to obtain the final combination
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hypothesis. We chose to just generate the single best hypothesis from the combined lattice for simplifica-

tion, but N-best lists can also be easily generated from the combined lattice as well.

4.5 Evaluation of the performance of lattice combination

To test the performance of our lattice combination algorithm, experiments on several different tasks
were performed using latticesthat were generated from two sets of parallel features. We tested six different
corpora with different vocabulary size and noise conditions. In each testing corpus, we compared the per-
formance of our lattice combination algorithm with that of the conventional single best hypothesis fusion
algorithms such as ROVER [15] and Hypothesis Combination [69]. The performance measure in terms of
both the Word Error Rate and the statistical significance [16] were tested. In our | attice combination exper-
iments, we first obtained lattices with normalized scores from the individual systems, then merged them
together by merging their edges and creating new edges to generate the combined lattice as described in the
previous sections in this chapter. The Viterbi search algorithm was then applied to the combined lattice
with an appropriate language model (most commonly a bigram model) to generate the final combination
hypothesis. Within each testing set, the models used for the individual features were all phoneme-based

HMMs, but the topology of the HMM varied for the different recognition tasks.

The first testing corpus was the Resource Management (RM) database described in the previous sec-
tion. We tested RM sentences using clean speech (without added noise), by combining hypotheses (single
best hypotheses and |attices) derived using the MFCC and PL P features. Results were obtained using the
ROVER, hypothesis combination and our own lattice combination algorithms. Tri-state context-dependent
triphone continuous HMMs were used, with 13-dimensional feature vectors augmented by delta and dou-
ble delta components (producing atotal of 39 dimensions). The observation probability of each HMM state
was modeled using a single Gaussian distribution. The maximization function was used in updating the
score of the merged edges. Table 4.1 lists the performance in terms of word error rate of the various

hypothesis fusion algorithms.

Results were also obtained again using the RM database, but using LDA and PCA/KLT features rather
than MFCC and PL P features for generating the parallel lattices. All other aspects of the experimental pro-
cedures were identical to the first RM experiment using MFCC and PLP features. Table 4.2 lists the com-

bined performance of the various combination schemes using the second RM database.
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WER(%)

MFCC

PLP

ROVER

Hyp-Comb

Lat-Comb

RM

10.29

11.49

11.36

9.68

9.12

Table 4.1. Performance of various hypothesis fusion a gorithms on the RM database. MFCC and
PLP features were used. Hypo-Comb represents the hypothesis combination algorithm, Lat-Comb

is our |attice combination a gorithm.

WER(%)

LDA

PCA

ROVER

Hyp-Comb

Lat-Comb

RM

8.36

8.96

8.95

7.54

7.21

Table 4.2. Performance of various hypothesis combination algorithms on the RM database. LDA
and PCA/KLT features were used. Hypo-Comb represents the hypothesis combination algorithm,
Lat-Comb is our lattice combination algorithm.
In both RM databases, the statistical significance of measurements of differences between our lattice
combination result and the conventional hypothesis combination result was evaluated using the matched
pairs method [16]. The improvement of lattice combination over hypothesis combination was statistically

significant (based on a 0.05 significance threshold as suggested in [16]) when combination results were

compared for the full testing set of 1600 sentences.

The experimental results indicate that lattice combination produces better combined performance than
the conventional previous best agorithm, hypothesis combination [69]. Although the actua relative
improvement in WER over hypothesis combination varied from 8% to 4% for the two RM databases, our
lattice combination algorithm consistently outperforms the hypothesis combination algorithm. In addition,
the relative decrease in WER of our lattice combination algorithm over the single best individual feature
stream (MFCC features in the first RM database and LDA featuresin the second RM database) was consis-

tently around 14%.

We also note that the relative improvement of lattice combination over hypothesis combination algo-
rithm varies from database to database. This may be because an advantage of combining lattices rather
than single-best hypotheses is that the correct word sequence is more likely to be included in the lattice
than in the single best hypothesis. Of the two RM databases, the second one produced better individual rec-
ognition accuracy using LDA and PCA features, so the correct hypothesisis more likely to be included in

the single-best hypothesis than it would have been in the first experiment using MFCC and PLP features.
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As the single-best hypothesis becomes more likely to contain the correct word string, the comparative
advantage to be obtained using lattice combination diminishes, and the benefit to be expected from using

lattices as structure for combination may also decrease.

The third set of comparisons was performed using the TID database. In these comparisons traffic noise
was artificially added to the speech in the database to get a sense of how the performance of our lattice
combination algorithm compared with other combination algorithms in noisy environments. We tested on
two conditions with different noise levels, 5 dB and 10 dB SNR. The paralel features used in these two
comparisons were the same 39-dimensional MFCC-derived and PLP-derived features as in the first RM
experiment, but semi-continuous HMMs rather than fully-continuous HM Ms were used because of the rel-
atively small vocabulary size of the TID database. Table 4.3 describes the performance obtained using the
various hypothesis fuson agorithms for these experiments. The statistical significance of differences
between the lattice combination and hypothesis combination results using the matched pairs method was

observed to be 0.18 and 0.05, respectively, for the 10-dB and 5-dB data.

WER (%) MFCC PLP ROVER Hyp-Comb | Lat-Comb
TID 10dB 125 13.0 13.7 11.9 11.3
TID 5dB 255 26.6 26.1 25.6 24.7

Table 4.3. Word Error Rates obtained for various hypothesis combination algorithms using the TID
database for two SNRs, 5 dB and 10 dB. Hypotheses were combined from results obtained using standard
MFCC and PLP features. Hypo-Comb represents the hypothesis combination algorithm, Lat-Comb is
our |attice combination algorithm.

The experimental results on the TID databases revealed some other factors about our lattice combina-
tion algorithm. First of all, in addition to working well in *clean” environments, lattice combination is aso
capable of improving the combined performance in noisy environments. Indeed, among all hypothesis
fusion algorithms that we have tested, lattice combination was the only combination scheme that improved
the combined performance in the TID 5-dB condition. Second, noise affects not only the individual recog-
nition performance, but also the performance of the combined hypotheses. This is even more obvious as
we consider the 4% relative reduction in WER obtained using lattice combination compared to the error
rate of the single best-performing individua system, which uses MFCC features, in the TID 5-dB experi-
ment. In contrast, the use of lattice combination produced a corresponding 14% relative decrease in WER

for clean RM sentences, using the same set of parallel features.
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The last set of comparisons were obtained using the Speech In Noisy Environments (SPINE) 1 and 2
corpora. The SPINE 1 and 2 databases contain tel ephone-bandwidth speech data corrupted by awide vari-
ety of noises at various SNRs. The features used in these experiments were different from those used pre-
viously. Specifically, the SPINE 1 experiments used two versions of MFCC features based on different
DCT implementations, producing feature sets that were not very different from one another. The SPINE 2
performance measurements were obtained using different sets of LDA features that were designed to dis-
criminate among two different sets of phoneme classes. Intuitively we can expect that the parallel features
used in SPINE 2 set are more complementary than the features used in the SPINE 1 comparisons. The
dimensions of the parallel features were still 39 including all delta and double delta components. Context-
dependent fully-continuous triphonetic HMM s wee used. Results for the two SPINE tasks are summarized
in Table 4.4. The dtatistical significance of differences between the lattice combination result and hypothe-

sis combination was 0.12 in the SPINE 1 database and 0.04 in the SPINE 2 database.

WER(%) Feature 1 Feature 2 ROVER Hyp-Comb | Lat-Comb
SPINE 1 35.1 36.2 35.4 34.2 33.2
SPINE 2 17.5 16.6 17.8 15.9 15.0

Table 4.4. Word Error Rate performance of various hypothesis combination dgorithms using the SPINE 1
and SPINE 2 databases. The parallel features used for SPINE 1 were MFCC features with two different DCT
implementations. The parallel features used for SPINE 2 were two different LDA features that were designed
at discriminating among different phoneme classes. Hypo-Comb represents the hypothesis combination
algorithm, Lat-Comb is our |attice combination algorithm.

The experimental results using the two SPINE databases revealed, at |east partially, an interesting rela-

tionship between the property of parallel features and their combined performance. Compared with the

corresponding improvements in the SPINE 1 task, lattice combination®® in the SPINE 2 task, for which
parallel features used were designed intentionally to increase the complementarity or difference between
individual streams, achieved better improvement over both the single-best performing individual system
and the hypothesis-combination result, both in terms of word error rate and statistical significance. In fact,
the most statistically significant improvement of lattice combination over hypothesis combination was

achieved on the SPINE 2 database. Although this may not be a strictly fair comparison as there are many

10. Even for hypothesis combination, the improvement in WER over the single best performing individual
system is greater in the SPINE 2 database than in the SPINE 1database.
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differences between the SPINE 1 and SPINE 2 data, it does suggest the potential of designing complemen-
tary parallel features for improving the accuracy of the combined system. We describe our work in the

design of paralle features to improve combined performance in Chapter 6.

4.5.1 The effect of using other functionsin merging edges and nor malizing acoustic scores

In our default implementation of the lattice combination algorithm, we used the maximization function
to update the acoustic score of the merged edges and generate the normalization factors for the acoustic
score of individual lattices as in Equation (4.1) and Equation (4.6). Nevertheless, other functions could also
be used to generate the updated scores for the merged edges including the summation (i.e. the algebraic
mean) function as in Equation (4.2), and the multiplication (i.e. the geometric mean) function as in Equa-
tion (4.3). There are also other ways to generate the normalization factors for acoustic score normalization
in addition to computing the product of the maximum HMM state scores across the duration, as was done
above. For example, one could base the normalization factors on the summation (rather than the maxi-
mum) of all HMM state acoustic scores at each frame as described in Equation (4.8), where the meaning of

all symbols are the same as they are in Equation (4.6).

~ P(X|Cy. i P(X anwl 2)
P(Xl_.n‘Ewlqg)zl_l ( j LZ’): n1 j - (4.8)

C2PUS) T eeedle)
J

i=1]

We a so compared the performance obtained using summation and multiplication to update the acoustic
scores of the merged edges, as well as the effects of using summation asin Equation (4.8) instead of maxi-
mization as in Equation (4.6) for normalizing the acoustic scores. These experiments were all carried out
on the RM database using MFCC and PLP as parallel features, and the experimental results are listed in
Table 4.5:

One of the interesting observations revealed from Table 4.5 is the variation in recognition accuracy
obtained using the different combination functions that were used to update the acoustic scores of the
merged edges. Although the multiplication function performs best in the RM database, using MFCC and
PLP features and lattice combination, other combination functions (e.g. maximization, summation) were

sometimes the best-performing function in other recognition tasks for which combination was performed
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WER Max Norm | Max Norm | Max Norm | SumNorm | Sum Norm | Sum Norm
Max Merge | Sum Merge | Prod Merge | Max Merge | Sum Merge | Prod Merge
9.12 9.47 8.91 9.46 9.72 8.95

Table 4.5. Performance in terms of word error rate of using other functions in updating acoustic score of
the merged edge and generating normalization factor in RM database with MFCC and PLP as parallel
features. “Max”, “Sum” and “Prod” refer to the maximization, summation (algebraic mean) and
multiplication (geometric mean) respectively. The top row of each column specifies the normalization
function and how the scores of the merged edges were updated.

at other stages in the recognition process (e.g. probability combination using different parallel features)ll.
This may suggest that the best combination function may be depend on not only which type of combina-
tion procedure is used, but also on specific properties of the testing corpus and the parallel features used for

combination.

We also observed that the proper normalization of acoustic scores has a critical effect on the combined
performance. In addition to the experimental results reported in Table 4.5, we also performed other experi-
ments using both hypothesis combination and lattice combination to combine un-normalized single best
hypotheses and lattices. Using hypothesis combination with un-normalized scores, the WER was 10.85%
compared with the corresponding WER of 9.68% using maximization normalization and 9.48% using
summation normalization. For lattice combination, the performance degradation was even worse. These
results, together with those in Table 4.5, clearly indicate that the acoustic scores from parallel systems need
to be normalized properly in order to observe an improvement of performance in the combined system.
The particular choice of maximization or summation in normalization did not appear to make too much

difference in our experimental results. One reason for this could be the fact that both maximization and

summation can normalize scale differences in acoustic scores between sets of parallel features!?. On the
other hand, the individual WER of MFCC and PLP features always remained at 10.29% and 11.49%

regardless of how their scores were normalized for combination. This observation is no surprise, as nor-

11. In one example which will be described in the next chapter, maximization provides the best combined
performance while multiplication provides the worst performance for the same RM database, when we com-
bine MFCC and PLP features together at the state level rather than the hypothesis level.

12. Asone example, assuming thereisa set of acoustic scores P1, P2,...Pn. Feature A outputs these scores as
Factor_A*P1, Factor_ A*P2,..., Factor_A*Pn, while the corresponding scores from feature B are
Factor_B*P1, Factor_B*P2,...,Factor_B*Pn. The scaling factors Factor_A and Factor_B can be removed
when the summation or maximization functions are used as the normalization function.
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malization affects only the relative scores of the same class from different systems. The relative scores of
different classes from the same system (i.e. the same feature) will remain the same no matter how their

scores are normalized.

4.6 Recognition accuracy and computational load

In the previous section, we have shown that the proposed lattice combination method is capable of
achieving improvement over the conventional hypothesis-fusion algorithms using single-best hypotheses
for various recognition tasks. Our proposed lattice combination method consistently outperforms the con-
ventional hypothesis combination and ROV ER methods. On certain recognition tasks likethe TID task at 5
dB SNR, the | attice combination method is the only combination scheme that reduces the word error rate at

all.

We al'so note from the experimental results that the amount of improvement varies for the different rec-
ognition tasks, and not all improvements are statistically significant. One of the reasons for these differ-
ences could be the different properties of the testing corpus, as they vary from each other in terms of the
noise conditions, number of phonemes, total number of the HMM states used in the modeling, and their
model structures as well (e.g. experiments with the TID database used semi-continuous HMMs, while
experiments with the RM and SPINE databases used continuous HMM). Other reasons could be theintrin-
sic similarity of the parallel features used in the combination. It can be seen from the experimental results
that one of the biggest improvements and also the most statistically significant result was achieved on the
SPINE 2 database, for which the parallel features had been devel oped specifically to discriminate between
different sub-word classes. Thisis expected: by forcing each individual feature to best discriminate differ-
ent sub-word classes, the algorithm can select the locally-most-prominently-scoring words in its composite

best path through the combined I attice.

Although lattice combination in general provides better performance than hypothesis combination, it
incurs a greater computational load. Lattice combination needs to search the parallel edges that can be
merged together and the nodes from which new edges can be created. But unlike hypothesis combination,
which only operates on the single best hypotheses generated from parallel systems, lattice combination
processes the lattices provided by individual systems. Since the number of edges and nodes contained in a

lattice is much larger than the corresponding itemsin a single hypothesis, the time spent in the process of
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searching for the available edges to merge and nodes to create new edge in lattice combination will be
much larger than the corresponding time in the hypothesis combination. This will consequently make |at-
tice combination slower than the hypothesis combination. As an example, if we simply count the amount
of time spent in processing a same set of testing utterances, lattice combination takes about 60 to 80 times
more processing time than is required by hypothesis combination for the same testing set. Although this
comparison is not a fair comparison because the lattice combination code has not been optimized for
speed, it provides a rough idea of the comparative execution speeds of lattice combination and hypothesis

combination.

We suggest that lattice combination is likely to be preferred to hypothesis combination in situations for
which 1) computational resources are not strained, 2) the performance of individual systemsis not satisfac-

tory, and 3) optimal recognition accuracy is more import than real-time execution.
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5. Improving Synchronous Probability Combination

5.1 Introduction

In the previous chapter, a new hypothesis combination method was presented in which lattices gener-
ated from parallel systems are combined together to generate the final combination hypothesis. By utiliz-
ing the lattice as a more complete representation of all the possible hypotheses considered in the search
space, we were able to achieve better hypothesis combination performance over the conventional single-
best hypothesis-combination algorithms. The experimental results reported in the previous chapter showed
that the approach of combining lattices is capable of delivering good performance for many different tasks

under different conditions.

Although the lattice contains much more complete information about the hypotheses than a single-best
hypothesis or an N-best list of hypotheses, it is still not a complete representation of all the word sequences
that should be considered in the search space. Since many hypotheses in the original search space with rel-
atively low scores will be pruned out from the lattice, they may still be excluded in lattice combination just
as they would have been if the single-best hypothesis combination methods were used. This problem will
limit the potential improvement of lattice combination over hypothesis combination of the single best rec-

ognition outputs.

The states of the HMM are a different stage in the decoding process where recognition hypotheses are
implicitly represented. Since each individua hypothesis has its own corresponding state sequences, the set
of HMM states can be considered to be a complete representation of al the word sequences that will be
considered in the search space. The HMM state is a'so a compact representation because the total number
of HMM states is very limited, on the order of 100 to 10000, depending on the specific task, many fewer
than the total number of possible hypotheses in the search space. All this suggests that we can perform
combination at the stage in the HMM decoder at which probabilities are evaluated, instead of combining

hypotheses together in the output stage.

We begin this chapter with a genera description of synchronous probability combination in
Section 5.2. We then analyze two issues associated with synchronous probability combination as ways of

weighting the contributions from parallel systems during the combination process and determining the spe-
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cific attribute of speech class for which probabilities are merged together. We propose two algorithms that
specifically address these two issues to improve the accuracy of a synchronous combination system. The
first is a new way to generate the combination weights of parallel systems using loss-based training, and
the second represents a new algorithm that releases the constraint of sharing the same HMM states tying
patterns across the paralel systems. These two newly proposed agorithms are described in the
Section 5.3. Finally, we present our evaluation results of the new synchronous probability combination

algorithms for the various recognition tasks in Section 5.4.

5.2 Synchronous probability combination

As described above, information from parallel systems or features can be combined together at the
probability level. One simple but effective way to accomplish this is to combine the acoustic scores of
HMM states from parallel systems synchronously at each frame. The contribution from each individual
system to the combined score can vary from system to system, which can be characterized by a combina-
tion coefficient that weights the contribution (or reliability) of each individual system in generating the
final combined probability (or acoustic score) of the HMM state. This method has been called weighted
synchronous probability combination (e.g. [6][12][17][25][27][34][47][52][59]), as described in the previ-
ous chapter that reviews information combination. Some examples of weighted synchronous probability
combination include the weighted summation asin Equation (5.1), weighted multiplication or log-summa-

tion asin Equation (5.2), and weighted maximization as in Equation (5.3):

Pj = al,jpl,j + aZ’jPZ’j + aS,jPS,j +...+ aN,jPN,j (5.1
Long = aLjLogPLj + az,j'—OQPz,j + ag’jLogP&j +...+ aN’jLogP,\Lj (5.3

In the equations above, P; is the combined acoustic score of HMM state j at the current frame, and P; ;

and g j are the acoustic score (i.e. acoustic likelihood) and combination weight, respectively, of the ith

individual combination component. We generally force the combination weights to sum to 1 asin Equation
(5.4):
28 =1 (5.4)
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The combination weights have a great effect on synchronous probability combination performance.
They represent the relative confidence or contribution of individual combination componentsin predicting
the score (or likelihood) of each recognition class (e.g. HMM state), and an appropriate way of generating
these weights is necessary to obtain good synchronous probability combination performance. In the fol-
lowing section we will describe our proposed algorithm of generating combination weights, in which the
weight assigned to an individual system is based on the performance of that system within each recognition
class. We will aso compare our new algorithm with some of the existing agorithms (e.g.

[6][19][34][50][52][53][61]) in determining combination weights later in this chapter.

Another potential source of improvement for synchronous probability combination is in the definition
of the speech class|. As reflected in the Equation (5.1) through Equation (5.3), the speech class j must be
the samein al the combination components in order to generate the corresponding updated score (or like-
lihood). In other words, all the individual systems (or features) used for combination must share the same
set of recognition classes in order for scores to be updated. Although this assumption is likely to be valid
for high-level classes such as words, phonemes, or even syllables, it may not remain valid for classes
defined at the level of the HMM state, which is the stage at which pattern classifications are most com-
monly made in speech recognition. This is because most current LVCSR systems use context-dependent
acoustic modeling (e.g. triphone-based context-dependent acoustic modeling). A given phoneme will have
many variations depending on its left and right context. Each of these variations requires a specific HMM
model, so the total number of possible HMM states is generally too large to be fully trained with alimited

amount of training data. (For example, if there are 50 phonemes, the total number of context-dependent tri-

phones could be up to 50° = 125000 13 and if each triphone use a 3-state HMM, the total number of
HMM states will be three times 125000, or 375000!) As described in Chapter 2, we can use state tying
(e.0. [10][30] [31]) to reducethe total number of free model parameters by forcing different HMM states to
share the same observation probability distributions. State tying works well for individual recognition sys-
tems, but it is problematical for synchronous probability combination of parallel systems. Since paralle
systems combined using synchronous probability combination will be trained independently from each

other based on maximum likelihood criteria, the state-tying patterns (i.e. the identities of the specific con-

13. The actua number of triphone also depends on the dictionary, which constrains the possible phoneme
sequences.
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Figure5.1 Anexample of different tying patterns within individual systems. Two systems, A and B, each has four
different phonesas W, X, Y and Z. The HMM of each phone has three states marked with different patterns. In Sys-
tem A, the states of the phones W and X tied together as tied states A1, while states of phones Y and Z are tied
together astied states A2. In System B, W and Y are tied together as states B1, while X and Z are tied together as
states B2. If we directly combine the probabilities of thetied states A1, A2, B1 and B2, we will be unable to deter-
mine whether we should combine the probabilities of tied state A1 with B1 together or with the tied state B2.

text-dependent states that are tied together) of each individual system may differ from one another. In other
words, context-dependent HMM states that are tied together in one system may not also be tied together in
the other systems. If we perform probability combination directly based on these tied states, we may be
unable to obtain a one-to-one mapping of the tied HMM states of the different parallel systems, in which
case we would be unable to update their probabilities. Figure 5.1 illustrates this problem with a ssimple

example.

One way of solving the problem is to force the paralel systems to share one tying pattern. This can be
accomplished by first training the models for each individual system, picking the state-tying pattern from
one system and re-training the models of all the other systems based on the selected state-tying pattern. For
example, we could select one system (e.g. System A in the above example) with the best individual perfor-
mance, and force all other systems (e.g. systems B) to use the same state-tying pattern asin System A. This
will generate a one-to-one mapping between the tied states of parallel systems in synchronous probability
combination, since all systems share one single state-tying pattern. This could be problematical for System
B which imports the tying pattern from System A. While the tying pattern from System A is best for Sys-

tem A, it may not also be best for System B. Asaresult, the performance of System B will deteriorateiif it
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is trained based on the state-tying pattern of System A instead of being trained its own state-tying pattern,
and this will consequently affect the probability combination performance of these systems. In other
words, we must sacrifice the performance of individual systemin order to enable them to be combined, and
we hope that an overall gain in recognition accuracy in the combined system can offset the loss in individ-
ual performance. Although the overall effect in most casesis indeed improved performance, it would defi-
nitely be beneficia if we can avoid this sacrifice of individual system performance but still be able to
benefit from probability combination. In the next section, we describe a proposed a gorithm that enables us
to combine directly the states of parallel systems for synchronous probability combination without sacrific-

ing the performance of the individual systems.

5.3 Improving synchronous probability combination

5.3.1 Weighted synchronous combination with loss-based training of combination weights

The properties of the multiple systems to be combined should be different from one another, at least to
some extent, in order to achieve benefit from combination. In practice, each of the parallel systemsused in
the combination may have its own “speciality” for certain recognition classes, in the sense that the scores
provided by that system on these recognition classes will be closer to the “oracle” scores than the scores
from other systems. It would be beneficial to be able to utilize the * speciality” of each individual system by
putting more emphasis on predictions from each individual system for the recognition classes that belongs
to its “speciality”. Oneway of utilizing the “ speciality” of each individual combination system isto assign
a combination weight to each individual systems (e.g. [2][6][8][19][25][34][47][51][52][53][61][71]).
This weight could either be shared across the different recognition classes within each individual system,
or be dependent on the specific recognition class. The combination weight should reflect the “ confidence”
or “closeness’ of each individual system in predicting the score of each recognition class. The more confi-
dent or closer an individual system can predict the score for a recognition class, the greater the weight of

that system for that recognition class.

Our proposed approach of determining the combination weights is based on the difference between the
predicted probability score for each recognition class from the individual systems to be combined and the
“oracle” probability score that isobserved from Viterbi alignment of the training data. Specifically, we will

calculate the accumulated difference between the probability generated from each individual combination
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component and the “oracle” probahility from Viterbi alignment for each recognition class. We will con-
sider this difference to be a measure of the * confidence” with which a given individual system can predict
the correct acoustic score for a specific recognition class, and we will assign a combination weight based

on the accumulated difference of each system to be combined for each recognition class (i.e. HMM state).

Let us consider an example in which we derive the combination weights of parallel feature streams

from the individual systems to be combined. We first define an “oracle” state vector §t for the jth fea-

ture stream as an Mj -dimensional column vector with binary entries in each frame t. Mj is the total

number of HMM statesin the jth feature stream%. The entry in S{ corresponding to the “true’ state of

the HMM at time t is 1 and all other entriesare 0. The“true” state at time t is defined as the correspond-
ing state of the most likely state sequence, which is generated from the Viterbi alignment of the correct

transcription of the utterance.

Then for the same feature stream j, we compute the acoustic scores (i.e. acoustic likelihoods) of all
HMM states at frame t together and form them into an M; dimensional column vector |5[Sj[] , whose K

component is the acoustic likelihood of the corresponding HMM state k. We normalized |5[Sj[] according

to Equation (5.5) to make its components to sum up to 1:

_ i PISl
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5‘[5{] defined as in Equation (5.5) can be treated as a prediction of S{ from feature stream j. We can
define the loss for the feature stream j correspondingly, for each HMM state of the component system at

each time instance. Specifically, the lossincurred by state i at time t from the jth system is defined as

the squared difference between the oracle probability and the observed (i.e. predicted) probability for each

state i , and it can be formulated as:

14 M i will be the same across different feature streams since these parallel features will be combined
together synchronously. Their class identity should be the same to enable synchronous combination.
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loss.¢ = (g -Prsn)|, (5.6)

where A; isarow vector with the ith element equal to 1 and all other elements equal to 0. The loss func-
tions at each frame are then summed over all time framest for each HMM state of each component system.

This produces the accumulated loss L; i for each feature stream | in predicting the acoustic score of HMM

state i as:

LJ = Zlossij,t (5.7)
t

The combination weight a of each feature stream j in predicting the probability score of statei isthen
generated from the accumul ated | oss:
L,
Ceal)
ai’j = N L (58)
—ii
Z eXp( C )

The parameter C in Equation (5.8) controls the extent to which a difference in the | osses observed from
different systems will affect their specific combination weights. The smaller the value of C, the greater the
emphasis that is given to the scores or predictions from those more reliable systems. The specific value of
C can be tuned using a development test set. Although the particular choice of using the exponential func-
tionintransferring “ 1oss” to combination weight is kind of heuristic, the combination weights produced by
the Equation (5.8) can be treated as the “ a posterior” probahilities of choosing state i given feature j with
flat a prior probabilities of the HMM dtates, if the negative “ loss’ can be interpreted as the log likelihood

of choosing feature stream j given state i [41].

Figure 5.2 illustrates the training algorithm that devel ops the |oss-based combination weights.
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Figure 5.2 Diagram of generating loss-based combination weights.

As we already mentioned, there have already been many existing works in determine the combination
weights. Here we will give some comparison of our approach with those existing methods. First of al, our
approaches is similar to those works that generate the combination weights based on the recognition result
of individual combination component (e.g. [6]). But rather than directly using the recognition accuracy and

transform them into combination weights, we first compute the difference between the decoding result

I5[Sj[] and the oracle probability vector S{ , and then generate the combination weights based on these

differences. As in the case of combination weighting algorithms based on neural networks (e.g. [6][25]),

our algorithm requires the identity of the true recognition class (in the format of the oracle probability vec-

tor §t ) to carry the training, but we are training the combination weights, which can be applied to differ-

ent combination functions, rather than directly generating the updated probability as in MLP approaches
(e.g. [6][25]). In addition, our “loss-based” weighting algorithm has more portability than those training
based weighting algorithms. We can easily add some new combination components (e.g. new feature, new
system) so long as we preserve the “loss’ of the existing combination components. In adding new combi-
nation components, all we need to do isto compute the “loss” for each addition new combination compo-
nent, then use Equation (5.8) to generate a new set of combination weights. While in those training based

weighting algorithms as the MLP [6][25], M CE based training ([19][50][52][53][61]) or MMI based train-
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ing ([34]), the combination weights need to be completely re-trained whenever thereis a new combination

component.

5.3.2 Releasing the constraint of sharing state-tying patternsacross parallel systems

As described earlier, synchronous probability combination requires that parallel systems to share the
same set of speech classes (i.e. tied states) in order to update their probabilities using updating functions as
in Equation (5.1) through Equation (5.3). Most current speech recognition systems are HMM based with
context-dependent acoustic modeling. We need to force these parallel systemsto share the same state-tying
pattern in order to combine their probabilities, which can degrade their individual performance and hence
affect the final combination performance, as noted above. In this subsection we discuss a new algorithm
that releases the constraint of sharing the state-tying patterns among parallel systems. Asaresult, the rec-
ognition accuracy of the individual systems will improve, which should improve the performance of the

systems in combination.

Our proposed approach can be described as follows. We know that in most continuous speech recogni-
tion systems the final hypothesis, which is aword sequence, is the phoneme sequence that has the highest
accumulated acoustical and language model scores. In generating such a phoneme sequence, the system
carries out a search process, during which it determines the next possible states for each of the active states
that are considered at each framet, and it makes a transition into the one with the highest score. The system
also tracks al the active states and their corresponding phoneme indices. In making the transition decision,

the system has the two choices of either staying at the current state (i.e. making a self-transition), or transit
to a new state which either represents a new position in the same phoneme®® or the starting position of a

new phonemele. But no matter where the transition goes, the system must first obtain the corresponding
scores associated with all the possible transitions, then transit to the particular state with the highest score.
These scores are for the particular untied HMM states of the phoneme (e.g. the score of the second state of
phoneme A, the score of the first state of the phoneme B, etc.). As most of the current systems use tied

HMM state models and the score for each particular HMM state has been computed using the tied HMM

15. For example, if the current active state is the second state of Phoneme A, the system could transit to the
third state of Phoneme A.

16. For example, if the current active state is the |ast state of Phoneme B, then the system could transit to the
starting state of Phoneme C at the next time instance.
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state model, they need to keep a mapping (or list) between the untied state of each particular phoneme and
the index of the tied states. With this mapping, the system can easily find the index of the tied state corre-
sponds to each particular untied state of the individual phoneme, and assign the score computed from the
tied state model to the untied state of the individual phoneme. Figure 5.3 is an example in which the map-
pings between untied HMM states and tied HMM statesin two systems are listed.

Label of the context-dependent
phoneme Index of thefirst Index of the Index of the third
(Basephone, left context, right state second state state
context)
AA,TD,R 156 165 174
AA, TH, N 160 163 175
AA, TH, R 160 163 175
AA, TS N 162 166 174
AA, TS R 162 166 172
System A
Label of the context-dependent
phoneme Index of the first Index of the Index of the third
(Basephone, left context, right state second state state
context)
AA,TD,R 156 167 174
AA, TH, N 161 165 171
AA, TH, R 161 165 173
AA, TS N 161 165 174
AA, TS R 161 165 174
System B

Figure 5.3 An example of the mapping between untied HMM states and tied HMM states of two systems (a
and B) in the RM database. The HMM structure in each system is 3-state context-dependent. Each context-
dependent phoneme is listed as “ base phone, left context, right context”. The number in the table is the index
of the tied state that corresponds to each untied state of the context-dependent phoneme.
Because of the different properties of different systems in tying untied HMM states, this mapping of
tied states and untied states varies from system to system. In Figure 5.3, the state mappings in the two sys-

tems A and B are all different from each other. For example, in System A, the index of the tied state corre-
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sponding to the second state of the phone “AA, TH, R” is 163, which is different from the corresponding
index of 166 for the second state of phone “AA, TS, N”, as well as the corresponding tied state in System
B which is 165. In combining HMM state probabilities, if we want to directly combine the probabilities of
the tied states of different systems, we must force the parallel systems to share the same mapping (i.e. the
same state tying pattern). In the example illustrated in Figure 5.3, we need to make the second state of
phone “AA, TH, R” in System A share the same tied state as the second state of phone “AA, TS, N”. This

will affect the performance of System A and consequently the combined performance of Systems A and B.

In addition to combining the tied HMM state probabilities, there is also the option of directly combin-
ing the probabilities of untied HMM states from parallel systems together. In this procedure, we first com-
pute the probabilities of the tied HMM states from the individua systems, then update the probability
associated with each untied HMM state based on the probability of the corresponding tied HMM state from
the individual systems (using the mapping between tied and untied HMM state in the individual system).
Asasimple example in generating the combined probability of the second state of phoneme “AA, TH, R”,
we can first compute the probability of the corresponding tied state 163 in System A as P(S163,A), then
compute the probability of the corresponding tied state 165 in System B as P(S165, B), and combine it
with the probability P(S163, A) to generate the final updated probability of the second HMM state of the
phoneme “AA, TH, R”. We still use the combination functions described in Equation (5.1) to Equation
(5.3) to generate the updated probability for each untied HMM state. Of course, the combination now must
be processed synchronously in a frame-by-frame manner, in a sense that the parallel systems need to be
synchronous with each other to provide their individual scores for updating the particular HMM state
(untied) of every phoneme at each time frame. In basing the combination on the probabilities of untied

HMM states rather than tied HMM states, the combination will be carried out at the search stage instead of

the original likelihood computation stage'’. In addition to the difference in the specific combination stage,
we also need to keep the mapping between the untied tied HMM states from each individual system during
combination, as we need this mapping to find the index of tied states corresponding to the particular untied
state from individual system. This is a additional implementation requirement beyond that of combining

tied HMM state probabilities, for which only one tied and untied HMM state mapping is necessary, as all

17. Aswe described earlier, the general decoding process contains several process. Thefirst isthe likelihood
computation process, where the likelihood for each HMM states will computed. Then we perform a search,
based on both the computed acoustic likelihoods for each HMM state and the language model, to generate
the final decoding result.
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the systems share the same mapping or state tying pattern. Figure 5.4 use the example listed in Figure 5.3
to illustrate (and compare) the idea of combining the tied HMM state probabilities with the direct combina-
tion of untied HMM state probabilities.

Updated probability Thefirst state The second state Thethird state
AA,TD,R P(156,A) Comb P(165, A) Comb P(174, A) Comb
P(156, B) P(167, B) P(174, B)
AA, TH, N P(160, A) comb P(163, A) Comb P(175, A) Comb
P(161, B) P(165, B) P(171, B)
AA,TH,R P(160, A) Comb P(163, A) Comb P(175, A) Comb
P(161, B) P(165, B) P(173, B)
AA, TS N P(162, A) Comb P(166, A) Comb P(174, A) Comb
P(161, B) P(165, B) P(174, B)
AA, TS R P(162, A) Comb P(166, A) Comb P(172, A) Comb
P(161, B) P(165, B) P(174, B)
Combination of untied HMM state probabilities
Updated probability Thefirst state The second state The third state
AA,TD,R P(156,A) Comb P(165, A) Comb P(174, A) Comb
P(156, B) P(167, B) P(174, B)
AA, TH, N P(160, A) comb P(163, A) Comb P(175, A) Comb
P(161, B) P(165, B) P(171, B)
AA, TH, R P(160, A) Comb P(163, A) Comb P(175, A) Comb
P(161, B) P(165, B) P(173, B)
AA, TS N P(162, A) Comb P(166, A) Comb P(174, A) Comb
P(161, B) P(165, B) P(174, B)
AA, TS R P(162, A) Comb P(166, A) Comb P(172, A) Comb
P(161, B) P(165, B) P(174, B)

Combination of tied HMM state probabilities by forcing System A to have the same state

tying pattern as System B

Figure 5.4 An comparison of the combination of untied HMM state probabilities with the combination of tied
HMM state probabilities. We use the example illustrated in Figure 5.3, and we assume that System A has been
forced to share the same state tying pattern (i.e. the mapping between untied and tied HMM states) as System B.
Each item in the table (e.g. P(172, A) Comb P(174, B) in the bottom right of the first table) is the combined
probability. The first part of the item (e.g. P(172, A)) is the probability computed from System A, and the sec-
ond isthe one from System B. The numbers are the indices of the tied HMM states from individual systems.
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5.4 .Evaluation of probability combination performance

To evaluate the performance of our new probability combination algorithms, experiments were carried
out on several databases: The DARPA RM database, the TID database and the WSJO database. Evaluations
using these corpora differed from one another both in terms of the parallel systems used for combination
and the testing conditions. We carried out three separate experiments using the RM database, referred to as
the RM_1, RM_2, and RM_3 experiments. For the RM__1 experiment, systems using MFCC and PLP fea-
tures were combined together. In the RM_2 experiment, systems using two different LDA features were
combined. Thefirst LDA feature was designed to maximize the differences among all HMM states, while
the second LDA feature was designed to discriminate the states belonging to the different broad phoneme
classes of vowels, fricatives, silence, stops, and nasals. The RM_3 experiment also involved the combina-
tion of two different types of linear features. The first feature was an LDA feature devel oped to maximize
the difference among all HMM states (as in Experiment RM_2), while the second feature was derived
using PCA (which is aso called Karhunen-L oeve Transformation (KLT)). This later choice was motivated
by the fact that LDA and PCA are generally two of the best-performing conventional linear features. The
experiments using the TID database followed a similar procedure to the corresponding lattice-combination
experiments, with different noise conditions, 5-dB and 10-dB SNR, combining systems with standard
MFCC and PLP features. In addition, experiments were run using the WSJO database, again combining
LDA-based and PCA-based features as in RM_3. The WSJ0 database was used because it has a much
larger vocabulary and more diverse testing conditions than the RM and TID databases, we want to get

some feeling about performance of our algorithm on that condition as well.

For each database, word error rates obtained using synchronous probability combination and hypothesis
fusion algorithms were compared. In the synchronous probability combination experiments we evaluated
the accuracy obtained using both the tied HMM states as the location of combination (which require the
parallel systems to share the same state-tying patterns) and using context-dependent phoneme states as the
location of combination (which do not require the paralel systems to share the same state-tying patterns).
In the former approach, all systems share the state-tying pattern from the best-performing individual sys-
tem, which was MFCC in the RM_1, TID 5-dB and 10-dB experiments, and LDA in the RM_2, RM_3,
and WSJO experiments. For each testing conditions, the combination functions used were summation, max-

imization and multiplication as in Equation (5.1) through Equation (5.3). The scores from parallel systems
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were weighted both equally and unequally with combination weights. In the later case, the combination
weights were obtained using the loss-based combination weights training algorithm described in
Section 5.3.1 above. For hypothesis fusion, we compare the accuracy obtained with both the conventional
hypothesis combination algorithm [69] and the proposed lattice combination agorithms described in the

previous chapter of thisthesis.

5.4.1 Summary of experimental results

Table 5.1 summarizes the performance in terms of word error rates obtained with various synchronous
probability combination and hypothesis fusion schemes for all testing conditions. The synchronous proba-
bility combinations were performed using the tied HMM states as the combination class using both equal
and unequal combination weights. (The state-tying patterns hence were shared across parallel combination
systems.) We used two sets of unequal combination weights. The first was generated from our proposed
loss-based combination weights training agorithm, and the other was generated from the entropy-based
weighted combination algorithm as proposed by Ikbal et al. [32] for comparison. The hypothesis fusion
was carried by combining the hypotheses (in the form of both the hypothesis in hypothesis combination,
and the lattice in lattice combination) from the paralel systems together. These parallel systems were
trained in a manner at which their HMM state-tying patterns were imported from the best performing indi-
vidual system (i.e. MFCC on the RM_1, TID 5dB and TID 10dB setups, LDA on the RM_2, RM_3, and

WSJ0 setups) instead of generated by themselves based on the maximum likelihood criterion.

We also tested the performance of our proposed synchronous probability combination algorithms using
context-dependent phoneme HMM states as the entity to be combined, and the experimental results are
listed in Table 5.2. The parallel systems were trained by themselves independently from each other without
the constraint of sharing the same state-tying patterns. As had been done in the direct combination of tied
HMM states, both equally and unequally weighted probabilities of the parallel systems were considered
during the combination. In the latter situation, the combination weights were generated from our loss-
based algorithm and the entropy-based algorithm by Ikbal et al. [32]. We list the corresponding perfor-
mance of hypothesis combination algorithms using hypothesis combination and lattice combination on

these paralel systems. The resultsin Table 5.2 can be compared to the results in Table 5.1.

Theresultsin Table 5.1 and Table 5.2 indicate that weighted synchronous probability combination with
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WERS (%) RM 1| RM 2 | RM 3 ;'jg 1To|d?3 WSJ0
Feature 1 10.29 8.36 8.36 25.54 12.53 9.32
Feature 2 11.52 9.98 9.11 26.07 13.84 10.26

Hyp-Comb (Max) 1045 | 8.90 786 | 2447 | 1212 | 826
Lat-Comb (Max) 9.84 8.21 751 | 2394 | 1164 | 817
Prob-Comb (Max) 9.10 7.66 1.27 23.33 10.73 8.07
Prob-Comb (MaxW) 8.66 7.48 6.95 | 2272 | 1047 | 771
Prob-comb (MaxW 9.13 7.69 7.17 23.80 10.93 1.75
entropy)
Prob-Comb (Sum) 9.18 7.66 7.30 22.36 10.60 7.99
Prob-Comb (Sumw) 8.73 7.32 7.02 21.61 10.28 7.82
Prob-Comb(Sumw 9.07 7.60 1.27 21.99 10.60 7.94
entropy)
Prob-Comb (Prod) 10.45 8.16 9.97 22.39 10.73 8.79

Table 5.1. Recognition accuracy of various hypothesis fusion and probability combination schemes for
various experiments using the RM, TID and WSJ0O databases. Hyp, Lat, and Prob refer to hypothesis
combination, lattice combination and synchronous probability combination, respectively. Max, Sum, Prod,
MaxW, MaxW entropy, SumW, and SumW entropy refer to equal-weighted maximization, equal-weighted
summation, multiplication, weighted maximization with loss-based training, weighted maximization with
entropy based weights, weighted summation with loss-based training, and weighted summation with entropy
based weights as the combination functions, respectively. Results were obtained by direct combining tied
states of HMMs that share the same state tying patterns.

weights generated by our training algorithm outperforms conventional unweighted probability combina-
tion for all experiments, and most of the improvements were statistically significant. This clearly suggests
the benefit of considering the difference in contribution from parallel features in combination by assigning
different combination weights to the parallel system, and it also validate the effectiveness of our proposed
loss-based combination weights algorithm. This is as expected, since unweighted probability combination
can be treated as a specia case of weighted probability combination. Weighted probability combination
should always result in higher accuracy (or at least the same accuracy) compared to unweighted combina-

tion if the combination weights are assigned properly.

The comparison of our loss-based algorithm and the entropy-based combination weights a gorithm pro-
posed by Ikbal et al. [32] is also worthy of mention. As seen in Table 5.1 and Table 5.2, our loss-based
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WERS (%) RM 1 | RM 2 | RM_3 ;;g 11353 WSJ0
Feature 1 10.29 8.36 8.36 25.54 12.53 9.32
Feature 2 11.49 9.58 8.96 26.60 13.17 9.81
Hyp-Comb (Max) 9.68 7.98 7.54 25.62 11.93 8.07
Lat-Comb (Max) 9.12 7.62 7.21 24.76 11.32 791

Prob-Comb (Max) 8.09 7.37 7.06 23.96 11.32 7.72
Prob-Comb (MaxW) 71.72 7.16 6.88 22.96 10.99 7.44
Prob-Comb (MaxW 7.93 7.28 6.93 23.17 10.84 7.58

entropy)

Prob-Comb (Sum) 8.12 7.15 6.90 23.16 11.24 1.75
Prob-Comb (SumWw) 7.83 6.94 6.72 22.59 10.63 7.58
Prob-Comb (Sumw 7.93 6.98 6.82 22.86 10.72 7.63

entropy)

Prob-Comb (Prod) 10.12 7.42 7.91 22.46 10.49 9.22

Table5.2. Same as Table 5.1, except that results were obtained by combining context-dependent phoneme
untied HMM states (rather than tied states of individual recognition systems with the sasme HMM structure).

combination weights generally results in better combined WER than entropy-based combination weights.
In most cases, however, the differences in results between the two algorithms were not statistically signifi-
cant at the 5% level using the matched pairs method. While we do not know why thisisthe case, a possible

reason could be the relatively small number of testing sentences used.

We also note in comparisons of results in Table 5.2 and Table 5.1 the performance gain obtained by
releasing the constraint of sharing the same state-tying patterns among parallel combination systems,
observed from the greatly improved recognition performance, especially in the combined system. For the
same combination function, the performance obtained using the context-dependent phoneme state for com-
bination (i.e. the results in Table 5.2) was consistently better than the performance obtained when parallel
systems were forced to share the same model structure in directly combining their tied states together (asin
the results in Table 5.1). For example, with the same the multiplication function (i.e. Prob-Comb), the
WER of probability combination using context dependent phoneme state was 7.91 in the RM_3 setup,

which was a 20% relative improvement from the WER obtained by forcing parallel systems to share the
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same model structure during combination (i.e. the WER of 9.97 in Table 5.1). The improvements of com-
bining the untied context-dependent phoneme HMM state over combination using conventional tied HMM
states were also statistical significant using the matched pairs method. Indeed, from a baseline system that
performs unweighted synchronous combination of tied HMM states, the improvement obtained by chang-
ing from combining tied HMM states to combining context-dependent untied phonemic HMM states was
greater than the gain obtained by assigning combination weights to paralel systems. In the RM_1 experi-
ments, changing the combination from tied states to context-dependent phonemic states reduces the rela-
tive WER by 11.5% (e.g. comparing WER of 8.12 using summation combination in Table 5.2 with WER
of 9.18 using the same summation combination in Table 5.1), while assigning combination weights
reduces the relative WER by 5% (e.g. comparing WER of 8.73 with weighted summation combination
with WER of 9.18 with summation combination in Table 5.1). In addition, the improvements provided by
these two approaches are at some extent independent, meaning that we can apply these two processes
sequentially to provide further improvement. For the RM_1 experiments, applying the two approaches
sequentially reduced the WER by about 14.7% compared to the baseline (i.e. comparing WER of 7.83
achieved by weighted combination of untied states of context-dependent phonemes in Table 5.2 with the
WER of 9.18 obtained from equal combination of tied HMM states in Table 5.1). Given that the relative
improvements observed when applying these two approaches individually are 11.5% and 5%, this 14.7%
relative improvement is very close to the improvement to be expected if the effects of two approaches are
statistically independent from each other, in which case the relative improvement would be:

1-(1-0.05)(1-0.115) = 15.9%.

5.4.2 Theimpact of combination type on combined performance

In general, the WERs provided by the various probability combination schemes considered were con-
sistently better than the corresponding WERSs obtained using hypothesis combination a gorithms, and these
the differences were statistically significant for the most part. This is especially obvious in comparisons
between lattice combination and probability combination using summation as the combination function.
Although both methods use the same combination function, the WERS obtained from probability combina-
tion were consistently better than that obtained from the lattice combination for most experiments, and the

differences were statistically significant.
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We believe that the better representation of the search space in probability combination might be one of
the major reasons for the superior performance of probability combination over hypothesis fusion. Since
each word sequence can be represented by its corresponding HMM state sequences, using HMM states as
the speech attribute to be combined enables usto represent all possible word sequences that will be consid-
ered in the decoding and search process, and to update their acoustic scores accordingly. While in hypoth-
esis fusion, many word sequences have already been pruned out before their acoustic scores could be
updated. The ability of generating the updated scores for all the possible word sequences during combina-

tion is an advantage of probability combination over the hypothesis fusion approach.

The recognition results also revealed dramatic differences in the effect of the various combination func-
tions. The maximization function achieved the best combined performance for the RM_1 and WSJO0 exper-
iments, while summation was best in the RM_2 and RM _3 experiments. Although multiplication was the
worst performing combination function in the RM experiments, it became the best performing combina-
tion function in the TID 5-dB and 10-dB experiments. We believe that the specific form of the combination
function which generates the best combined performance could depend on many different factors. The
intrinsic nature of the parallel features, the specific combination stage at which information from parallel
systems is combined together, and the particular testing task all can affect the choice of the best combina-

tion function.

5.4.3 The effect of parallel features on combined performance

Asinthe case of our observationsin the previous chapter of |attice combination, different sets of paral-
lel features have different effects on the performance of the combined system in the probability combina-
tion. Comparing word error rates obtained using summation with equal weights as the combination
function for the RM_1, RM_2, and RM_3 experiments, the relative improvement of the combined system
over the best single system was about 19% in RM__1 experiments, 15% in the RM _2 experiments, and 12%
in the RM_3 experiments, all different from each other. For the maximization combination function, the
variahility in relative improvement of the combined system over the best single system in RM experiments
was even more dramatic, as 21%, 11%, and 15% respectively. This clearly indicates the potential impor-
tance of the parallel features on the combined performance. We specifically address the issue of designing

parallel features for optimizing the combined performance in the next chapter.
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6. Generating Linear Features Based On The Maximum
Normalized Acoustic Likelihood

6.1 Introduction

As seen in the experimental results in the previous two chapters, the performance obtained when com-
bining speech recognition systems depends as critically on the features that are used as it does on the com-
bination method. In both our experiments using hypothesis combination and probability combination
described in Chapters 4 and 5, different sets of parallel features produced different results when used in
combination, even when combined together using the same combination function and at the same stage in
the recognition process. This clearly suggests the important role of the parallel features themselves on the

performance of the combined systems.

But so far in most of the combined systems, the parallel features used were devel oped in some manner
that was not directly related to the method of combination. Conventional parallel features were either pre-
selected from some commonly-used single-stream features, or they were generated based on some simple
criterion which may not be directly related to the combined performance. The most commonly-used single
stream features for combination were variants on the classic MFCC, PLP, PCA, and LDA features. Some
more recent approaches include the heterogeneous features proposed by Halberstadt ([21][22]), in which
the complete set of the phoneme classesis divided into several subsets, and parallel features are devel oped
from each subset; and the Multi-stream features by Bourlard (e.g. [6]) and Hermansky (e.g. [25]), in which
the entire spectrum is separated into several subbands to extract paralel features. Some of the existing
work on parallel feature can aso be treated as a combination of the above two approaches, such as the
work by Ellis and Bilmes [13] in which the mutual information criterion is used to select a set of single

stream of features for combination.

Despite the success of the above methods, further improvements are likely to be possible, as few of the
traditional approaches directly target improving the performance of the combined system. Some methods
pick the conventional best-performing single-stream features for combination (e.g. [13][45]), but the use of
the best single-stream feature does not also guarantee the best performance when features are combined
together. Other methods generate parallel features based on some optimally criterion (e.g. [13]), but that

criterion lacks a direct relation to the performance of the combined system. Some of the conventional
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methods aso require human phonetic knowledge (such as Halberstadt’s heterogeneous features
[21][22]),which may not transfer easily to other languages with different phonetic structures. In addition,
for most of the conventional parallel feature generation algorithms, the manner in which the parallel fea-
tures are generated is mostly independent from the manner in which they are combined (considering both
the stage of combination and the combination function used), even though the performance of a combined
system typically depends on the interaction between the parallel feature streams and the combination
method used, as different combination function may require different sets of “optimal” parallel featuresfor

optimal combination performance.

Based on the above considerations, we propose a new parallel feature generation algorithm that directly
targets the performance of the combined system. Compared with conventional parallel feature generating
algorithms, our new algorithm will have the following properties. First, the parallel features will be gener-
ated in amanner that isdirectly related to the performance of the combination system. Specifically, we will
use an objective function that directly relate to the Bayes classification accuracy of the combined systemin
the process of generating our parallel features. The generated parallel features will optimize this objective
function and consequently maximize the combination performance. Second, the manner in which these
parallel features are generated will be directly related to the specific combination stage and the combina-
tion function used. Our agorithm will generate different sets of parallel features for the different combina-
tion functions. This will ensure that our parallel features are specifically tuned for each combination
function to achieve the maximum possible combined benefit for that function. Another property of our
algorithm is that it can also be simplified into generating single-stream features that maximize the perfor-
mance of an individual recognition system. Aswe will explain in more detail in the following sections, the
process of generating parallel stream features and single-stream features can be united together under one

single framework in our algorithm.

We describe the details of our algorithm in the following sections. In Section 6.2 we state the assump-
tions and simplifications we make in our parallel feature generation algorithm. One such assumption isthe
choice of the combination stage at which we attempt to optimize the combined performance. The second is
the specific from of the objective that will be used to guide the parallel feature generation process. We will
also discuss the format of the features that will be generated from our algorithm. As there are many possi-

ble ways of extracting information from the speech signal, we need to put some constraints on the specific
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format of our features in order to carry out the analysis. Section 6.3 contains a detailed description of the
process of generating parallel features to optimize the performance of the combined system. In Section 6.4
we discuss the simplified situation of generating single-stream features using our algorithm, illustrating
how the processes of generating parallel features and single-stream features can be united together in our

algorithm. Finally, we present our experimental results and analyses in Section 6.5.

6.2 Designing parallel featuresfor improved combined performance

Before describing our new parallel feature generation algorithm in detail, we first must discuss some of
the assumptions made in its development. We will talk about the specific stage at which we wish to opti-
mize the combined performance using parallel features, the specific performance measure for the com-
bined system that we will use in generating our parallel features, and the format of the paralel features

generated from our algorithm.

6.2.1 Optimizing probability combination performance

We wish to obtain parallel features that optimize the performance of the combined system, but what
specifically does this mean? As we have discussed, there are three major stages at which parallel features
can be combined together: the feature-extraction stage at the input, the probability-evaluation stage in the
middle of the decoding process and the hypothesizing stage at the output. The combination processes at
each of these three stages are all different from one another: feature vectors are concatenated together in
feature combination, the probabilities are merged together in probability combination, while hypotheses
are fused in hypothesis combination. In addition, these three stages of combination may have different
properties and impose different requirements on the optimal parallel features needed to obtain the best
combined performance. It would be necessary and beneficial if we can specify the stage at which we want

to optimize the combined performance before generating our parallel features.

For this algorithm we choose to generate parallel features that maximize the combined performance at
the probability combination stage in the decoding process. More specifically, we seek to obtain the best
synchronous probability combination performance using our parallel features. As a simple example, con-
sider in Figure 6.1 two sets of parallel features to be combined as Feature Set A and Feature Set B. Each set

contains two parallel feature streams. Set A is a set of conventional parallel features (e.g. MFCC and PLP
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features), while Set B contains the parallel features generated from our algorithm. For each set of parallel
features, we can combine them at the feature level, the probability level, and the hypothesis level as indi-
cated in the figure. Our god is to make the probability combination performance of parallel Feature Set B
better than the probability combination performance of parallel Feature Set A. We don’t care whether fea-
ture combination performance of Set B is better than that of Set A, or whether the hypothesis combination
performance of Set B is better than that of Set A. We just want to optimize the probability combination
performance using our parallel features, without regard to the performance of the other two combination

schemes.
Pardllel Feature Set A

Feature Probability Hypothesis
Combination Combination Combination
Does Set B have Does Set B have Does Set B have

better performance here?

better performance here?

better performance here?

Maybe... YES! Maybe...

Feature Probability Hypothesis

Combination Combination Combination
A A

T

!

Parallel Feature SetB  Stream B1  Stream B2
Figure 6.1 We strive to generate parallel features that optimize probability combination performance. Parallel

Feature Set A is a conventional parallel feature set, while Set B represents the parallel features generated from
our algorithm. Our goa isfor Set B to have better probability combination performance than Set A.

There are two reasons why we wish to optimize probability combination performance using our parallel
features. Thefirst is simply that probability combination provides better recognition accuracy than combi-
nation at the other two stages. This is exemplified by the results in Table 6.1 which compare the WERs
obtained by combined systems in which information is combined at the various different stages of the rec-
ognition process, and using different methods. The RM_1 database with MFCC and PL P features was used

in all cases. Ascan be seenin Table 6.1, probability combination provides the lowest overall WER, which
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is why we use that combination stage. We are also interested in using probability combination because it
provides agreat deal of analytical simplification. Aswill be elaborated in the following sections, the objec-
tive function used in generating our parallel features, which is called “ normalized acoustic likelihood”,
will be developed explicitly from the combined probability term at the probability combination stage.
Focusing on the probability combination performance of the new parallel features will simplify the pro-

Cess.

Feat Prob Prob Prob
MFCC PLP Feat Comb Hyp Lat Comb Comb Comb
Comb Comb Comb
(13) (13) (20) + PCA (13) (13) Sum Max Prod
(13) (13) (13) (13)
10.29 11.49 10.62 8.54 9.68 8.91 7.83 7.72 10.12

Table 6.1. Comparison of WER for various combination schemes using RM data. MFCC and PLP
features were used. The numbers in the parentheses in the headings represent the dimensionality of
each individual feature. “ Feat Comb” represents the concatenation of MFCC and PL P feature vectors.
“Feat Comb + PCA” represents the concatenation of MFCC and PLP feature vector followed by a
PCA transformation that reduces the dimensionality from 20 into 13. “Hypo Comb” represent the
hypothesis combination result, and “Lat Comb” represents the lattice combination result. “Prob Comb
Sum,” “Prob Comb Max”, and “Prob Comb Prod” represent the probability combination result using
summation, maximization, and multiplication functions, respectively. The best combination
performance is achieved from probability combination.

6.2.2 The normalized acoustic likelihood as the obj ective function for generating parallel

features

We seek to generate parallel features that maximize probability combination performance. But what
exactly does this mean? We know that the performance measure of a speech recognition system isthe word
error rate (WER), which is a summation of three kinds of errors made by the system: deletion, insertion,
and substitution errors. Ideally we would use WER as the objective function in generating our parallel fea-
tures, as it is the exact measure we use to judge the performance of arecognition system. But in practice
we must choose some measure other than WER as the objective in generating our parallel features simply
because a full decoding operation including al acoustic and language models involves too many other
irrelevant components. For example, to the extent that WER reflects the effect of language models, it will
not directly reflect the contribution of the features used. We prefer to use a performance measure that can

be directly related to the acoustic features.
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Since most of the current speech recognition systems are statistical systems in which recognition deci-
sions are made based on the Bayes criterion by choosing the recognition class (such as the word sequence)

with the highest posterior probability asin Equation (6.1)

C = ArgmaxP(C|X) (6.1)

where C isthe recognition class (e.g. word, syllable, phoneme and HMM state) and X is the acoustic obser-
vation vector (i.e. the features), we choose to use the posterior probability of the true recognition class as a
replacement for the WER measure as the objective function in generating our parallel features. In other
words, we generate parallel features to maximize the a posteriori probability of the true recognition class
of the (combined) recognition system instead of directly minimizing the word error rate. The two objec-
tives of WER and posterior probability of the true recognition class are similar to each other, but using the

latter as the performance measure is much more convenient for our analysis of acoustic features.

The definition of the recognition class C is another issue that need to be solved. Unlike other pattern
classification systems, the recognition class for a speech recognition system could be defined at many dif-
ferent levels, such as HMM states, phonemes, syllables and words. We need to specify at which level we
define our recognition class. In our feature generation process, we choose the HMM state as the recogni-
tion class because of the following two considerations. First, the HMM state is the most fundamental unit
of modeling in speech recognition. Since most of the acoustic model parameters (such as the acoustic
observation probabilities and state transition probahilities) are associated with the HMM state, use of the
HMM state as the recognition class will expedite the analysis. The second reason, which is even more
important, is the fact that our parallel features are designed to optimize the probability combination perfor-
mance, in which specificaly the probabilities of HMM states will be combined together. Using HMM
states as the recognition class enables us to target directly the improvement of probability combination per-

formance in generating our parallel features.

Nevertheless, using HMM states as the recognition class introduces its own problems. Unlike some of
the other recognition classes (such as words), the true identity of the HMM state for training data is
unknown. We need to first find out the identities of these true recognition classesin the training data before
we can generate parallel features that optimize posterior probabilities of the true classes. We accomplish

this in our agorithm by performing Viterbi alignment [75] on the training data, and then taking the most
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likely HMM states generated from the alignment as the identity of the “true” HMM state recognition class.
Henceforth we will refer to the most likely HMM states as identified by Viterbi alignment to the correct
transcript as the “true” recognition classin each framet.

If we assume the identity of the“true” HMM statein each framet as Cht , then we can express the pos-

terior probability of the true state in framet as

POG|C™) TPy _ PO|c™) TPy
P(X}) Y PX|C) TP(C)) » (6.2)
i

h
P(Ct|X) =

The above posterior probability is defined only for one frame t. We can accumulate this posterior prob-

ability expression across the frame t and write the accumulated posterior probability term P.' as

P(x|c") P(c™y) _ P(x|c") P(c™y)

h
P! = P(CtX) = (6.3)
c U ‘ t U P(X,) ¢ YP(X|C)) EP(C))
i

The accumulated posterior probability P, in Equation (6.3) has the prior probability term P(Cj) for

each HMM state G . Since we don’t know specifically how should we assign the prior probabilities to
different HMM states'8, we make the simplification that the prior probabilities of al the HMM states are
equal. This simplifies the accumulated posterior probability P.' into aterm we refer to as “the accumu-

lated normalized acoustic likelihood” P as in Equation (6.4). We will use “accumulated normalized

acoustic likelihood” as the objective function in generating our parallel features.

h
P(X(|Ct)
P, = M L (6.4)

t ZP(Xt‘Cj)
i

18. Although we could estimate the prior probabilities of HMM states by counting the relative frequencies
of occurrence of each HMM state in the training data, we still assumethat all prior probabilities are equal for
simplicity.
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6.2.3 Generating parallel featuresthrough linear transformation

Since there are many possible ways to extract acoustic features from the speech wavefile, we need to
determine the specific form of our parallel features before we actually generate them to maximize their
combination performance. We choose to generate linear features as the parallel features in our algorithm,
which are indeed linear transformations from some original speech representation (such as the log magni-
tude spectrum of speech). Linear features are chosen for reasons of simplicity, as a linear feature stream
can be completely characterized by a transformation matrix. In addition, linear features have been shown
to provide superior performance. With the exception of PLP features, most of the commonly-used speech
features that provide good recognition accuracy are linear transformations from log-spectral features, such

as MFCC, PCA/KLT, LDA, and HLDA features.

If we use the symbol X to represent the origina representation of the speech signal (such as the log
magnitude spectrum vector), and A as the transformation matrix, then the transformed feature is AX. We

will use these symbols throughout this chapter.

6.3 Generating paralld featuresfor better probability combination perfor-

mance: optimizing the normalized acoustic likelihood of the combined system

6.3.1 Parallel feature generation as an optimization process

It is now clear from the previous section that we wish to generate parallel linear features that maximize
the accumulated normalized acoustic likelihood of the “true” HMM state in the combined system. In this
section we will describe in details how this can be accomplished. Aswe will see, the process of generating
parallel features in our algorithm is actually an optimization process, whose objective function is the nor-
malized acoustic likelihood of the “true” (i.e. the most likely) HMM state in the combined system, and the

variables for the optimization are the parallel transformation matrices.
As an illustration of this concept, assume that we wish to generate two linear feature streams as trans-

formations of two original feature representations X and Y with matrices A, and Ay respectivelylg.

19. The origina feature representations X and Y can either be identical to one another or they can be two dif-
ferent feature sets. Our feature generation algorithm is a transformation algorithm, so it doesn’t matter what
the origina representations are.
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The acoustic likelihoods for HMM state G a frame t with these two original representations are

P(Xt\Cj) and P(Yt‘Cj) respectively. These acoustic likelihoods depend on the specific value of the feature

vectors X and Y in each framet and the parameters of the model of observation probabilities of each recog-
nition class G . In the training data, feature vectors X and Y are drawn from the original feature space
before transformation, and the statistical parameters characterizing the observation probabilities for each
recognition class C; are also estimated from training data, based on a partition of the training datainto spe-

cific classes. (These partitions can be in the form of “soft partitions” of the training data as in the Baum-

Welch training approach, or “hard-decision” partitions of the training data as in Viterbi training.) Hence,

the acoustic likelihoods P(X,|C;) and P(Y,|C.) are dependent only on the partition of the training data.
t]~j t~]

Applying the transformations A, and Ay to the original representations X and Y will generate new par-

titions of the training data in the transformed feature spaces. But if we assume that the partitions of the

transformed data A, X and AyY are the same as the partitions in their original representations (i.e. X and

Y), then the acoustic likelihoods in the transformed feature spaces P(Axxt\Aij) and P(Ath‘Aij) are

functions only of the transformation matrices A, and A, . When we combine their acoustic likelihoods

together using probability combination with a specific combination function F (such as summation, maxi-

mization, or multiplication), we obtain their combined probability P(AXXtDAth‘Cj) as
P(AX DAth‘Cj) = F{ P(AXX‘AXCJ.), P(AyY‘Aij )i (6.5)

The combined probability P(AX; DAyY;|C;) is a function of the individual acoustic likelihoods

P(Axxt\Aij) and P(Ath‘Aij). Since these two likelihoods are functions of the transformation matri-
ces A, and Ay respectively, the combined probability P(A,X; DAth‘Cj) is afunction of transforma-

tion matrices A, and A, aswell. The normalized acoustic likelihood P inthe combined system at
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the transformed feature space will then become:

F{P(Axxt‘AXCht), P(Ath‘AyCht)}

t > F{ P(AXXt‘AXCj), P(Ath‘Aij)}

(6.6)

P, =

which isaso afunction of the transformation matrices A, and Ay - The goal of our parallel feature gen-

eration algorithm is to find the transformation matrices A, and A, that maximize the normalized

acoustic likelihood of the “true” HMM state of the combined system in the transformed feature space,

which can be described as:

F{P(Axxt‘AXCht), P(Ath‘AyCht)}

{Avay} = ArgmaxP = Argmax|‘|

6.7
¢ S F{PAX|AL). P(AY{|AC)} 6.7)
]

Clearly, the parallel feature generation process now becomes an optimization process, with normalized

acoustic likelihood P as the objective function and the transformation matrices A, and A, asthe

variables. For computational simplicity, we optimize the log of the normalized acoustic likelihood LogP.

instead of P. asin Equation (6.8). The result will be the same because the log is a monotonic function.

{A Ay} = ArgmaxLogP.

= Argmaxy’ Log[F{ P(AXXt‘AXCht), P(Ath‘AyCht)}] - Log{z F{ P(AXXt‘ ). P(Ath‘ Cj} (6.8)
t j

6.3.2 Finding parallel transfor mation matricesthat maximize the normalized acoustic likeli-
hood

We have seen in the previous subsection that the process of generating parallel features for optimal
probability combination performance isindeed an optimization process, with the normalized acoustic like-
lihood of the combined system as the objective function and the transformation matrices as the variables.

We now develop the specific transformation matrices that optimize our objective function.
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The process of finding the transformation matrices that optimize the combination performance depends
on the specific form of the observation probability distribution for the HMM states. Since most of the cur-
rent speech recognition systems use either a single Gaussian or a mixture of Gaussians as the probability
distribution for the HMM states, we will describe how to find the optimal transformation matrices in each

of these two situations.

6.3.2.1 Generating parallel transformation matrices with single Gaussian distributions as state

observation probabilities

Consider again the previous example of generating two transformation matrices A, and Ay with single

Gaussian distributions as the models for the HMM state observation probabilities. Assume that the mean

vectors and covariance matrices for each recognition class G in the original feature representation spaces
(X andY) are known. We will refer to these as i xo My and Zixr Iy respectively. If we apply trans-

formations to the original feature representations (X, Y) to generate the transformed features X' and Y', the

new feature vectors will have means W ,, Wj ., and covariance matrices 2y, 2'jy. These can be

expressed as
X = AX
“'j,xz Ax“j,x
.o T
zj, X~ szj, xAx
Y= AY (6.9)

Wy, y= Ay, v
Ziy= Ay Ay

Using single Gaussian distribution as the HMM state observation probabilities, the acoustic likelihood

of the individua streams P(AXXt‘AXCj) P(Ath‘Aij) and their combined acoustic scores

P(AXt DAyY;|C)) using combination function F in the transformed feature spaces X' and Y then

become:
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1 T 1,1
- eXp{_é(AxXt _Ax“j, x) (szj, xAx) (Axxt _Ax“j, x)}

PIAKAC) = NIAXGAM x AZ) Ac) =

D/2 T|1/2
(2m) ‘szj, A

-1
exp{—%(Ath—Ayuj,y>T<Ayzj,yA§> <Ath—Ayuj,y>}
1/2
@™ YAz A

PIAYIALC) = NAYGAH; y AT (A)) =

(6.10)

X A5 = PP A PUAYAS)

1 T T
exp _E(Axxt_Ax“j,x) (szj,XAx) (AXXt_AXuij)
=F
D/2 T|1/2 ,
(2m) 7 YA (A

AL A (6.11)

-1
exp{—%(Ath—Ayuj,yf(Ayzj,yAb <Ath—Ayuj,y>}

172
@Az A

Incorporating the expression for the combined acoustic scores in Equation (6.11) into Equation (6.8),
we obtain the specific expression for generating paralel linear transformations that optimize the probabil-
ity combination performance under the assumption that single Gaussians are used as the HMM state obser-
vation probabilities. We skip the complete expression in this chapter and put it in the Appendix because of
the space limitation.

To find the optimal transformation matrices that maximize the normalized acoustic likelihood P asin
Equation (6.8) assuming single-Gaussian output distributions, we must compute the partial derivatives of
the objective function P, or LogP. with respect to the transformation matrices A, and Ay Then we

use these partial derivatives to generate the transformation matrices either in closed form or through the

use of iterative methods such as gradient ascent. The partial derivatives of LogP. with respect to the indi-

vidual transformation matrices A, and A, can be formulated from the expression of LogP. asin Equa-

tion (6.6) as:
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h h
aLogF{P(AXXt‘AXC 0 P(A YA/ C t)}

oA 2 A

6LogPC_

X

FIP(AXAC). PAYAC)  ILOGF(PIAX(AC). P(AY,|AC))
T L F{P(AXIALC,), P(A Y| ACL} 0

K

(6.12)
h h
oLogp, aLogF{P(AXXt‘AXC 0. P(AY,|AC t)}
Ay 2 o,
5 F{P(AX|AC), P(A Y |AC)} D6L0@JF{ P(AX{|AC)), P(Ay YA/ CY
U FIPAX|AC,), PA Y, |AC) oAy
k

Equation (6.12) indicates that the partial derivatives of the LogP, can be treated as a weighted combi-

nation of the partial derivatives of the combined acoustic scores of each state C; with respect to the indi-

OLogF{P(A X|A,C:), P(A,Y;|A,C.)}
vidual transformation matrix (e.g. A t’ ax AJ Ay t‘Ay L—). Since the combined acoustic
X

score F{ P(Axxt\Aij)' P(Ath‘Aij )} isthe output of the combination function F with the acoustic likeli-

hood of each individual streams as input, its partial derivative is clearly dependent on the specific form of
the combination function F. If F is a differentiable function as in the cases of summation or multiplication,
we can simply use the chain rule to further decompose the partial derivative expressions (e.g.

OLogF{ P(AX|A,C)), P(AY,|AC)

A ) into the derivatives of each individual stream as in some of the

X

examples given in Equation (6.13) (summation function) and Equation (6.14) (multiplication function):
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OLog{ P(AX{|AC)) + P(A Y| A/C))}
oA,

6LogP(AXXt|A
P(AX|AC) O oA,

= PAX]AC) + P(AY]AC)

dLogP(A X|AC))
P(AX|AC) O oA,

T PAXJALC) FPAYAC)

.Ci) . P(Ath‘Aij) D6LogP((;A'yAYt|AyCi)

(6.13)
0Log{ P(AX{|AC)) + P(AY|A/C))
Ry
= JLogP(A XA, C)) dLogP(A, Y;|A,C)
P(AX|AC) O a,:yt| LAY |AC) T QVAVJAV .

P(AXXt‘AXCj) + P(Ath ‘ Aij)

dLogP(A, Y C.
PIAYAC) D C (Q\Z\ytw I

PIAX]AGC) +PAY]AC)

OLOg{ P(AX{|AC)) LP(AYAC  aLogP(AX|AC)) +6LogP(Ath|Aij)
A, A, A,
_ 0LogP(AX|AC;)
A,

(6.14)

oLog{ P(AX|AC)) LP(AYAC.)t  aLogP(AX|A,C;)  dLogP(A, Y|A C))
oA, Ay T A
_ 9LogP(A,Y{|A/C))

Ry

When F is a non-differentiable function such as maximization, we must use differentiable approxima-
tionsinstead. One such example for maximization function is the use of the P-norm function in the limiting

case as P approaches infinity to approximate the maximization function asin Equation (6.15):

n /p
Max{Z;, Z,, ....Z;} = p|me[ 3 zf’] (6.15)
i=1

No matter what's the specific form of the combination function F used, the partial derivative of the
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combined acoustic likelihood with respect to the individual transformation matrix is aways a weighted

combination of the derivatives of the likelihood of individual acoustic stream with respect to its corre-

dLogP(A X;|A,Ci) aLogP(A,Y,|A,C
sponding transformation matrix QXA AG; g (QVA {AC)
X

as indicated in Equation (6.13)
and Equation (6.14). Because the single Gaussian distribution is used for the HMM state observation prob-

9LogP(AX;|AC;) dLogP(A,Y|A,C))

ability modeling, we can easily obtain expressions for asin Equa-
o oy
tion (6.16).
Al Ax —Aw )TAS ANV AX —Apu )+Lo ‘A s AT‘
6LogF’(AXXt|AXCj) 1 {( x"t ~ M x X<j, XX x"t ~ M, x 91A%%, x x—‘

A, 2 A,

(6.16)

T T,-1 T
oA C) 17 YAy 5 A (YA )+ Log Az A
oA, T2 oA,

The detailed expressions for the derivatives in Equation (6.16) have been put in the Appendix for space

saving purpose. With these expressions, we can obtain the derivatives of the combined acoustic scores with
respect to the transformation matrices asin Equation (6.13) through Equation (6.15), depending on the spe-

cific form of the combination function F. We further accumul ate the derivative of the normalized acoustic

likelihood P, or LogP. according to Equation (6.12).

dLogP, dLogP
oA, M9 Ton

a closed-form solution, or use the gradient approach to iteratively update the transformation matrices for

c

Once we obtain the partial derivatives , we can either set them to zero to find

the optimal solution. Since we currently cannot obtain a closed-form solution for the derivatives, we use

the gradient ascent approach, in which we iteratively update the transformation matrices as in Equation

(6.17):
; ; dLogP
A=Al T
|
A (6.17)
i+1 i dLogP, '
Ay = + sy -

oAy
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where Ai( and Ai(+ ! represent the transformation matrices at the current and next iteration respectively,

e, isthestep sizefor the updating, we will reduce it for every fixed number of iterations to guarantee the

convergence of the iterative procedure. The choice of initial values for the transformation matricesisalso a

very important issue, and it will be discussed in more details later this chapter.

The complete process of generating parallel linear transformation features for optimal probability com-
bination performance is illustrated in Figure 6.2, and the process of computing the derivative of the log-

value of the normalized acoustic likelihood with single Gaussian distributionsis described in Figure 6.3.

4
/
/ F{ P(AXX(t)|AXCJ.), P(AyY(t)|AyCJ.]
Cgcrgﬂis?i%d Compute Pc,
Combination  score the
function F — %1 normalized
Y(t) AyY(t) acoustic
- | p Acoustic score
Transformation
atrix A score P(AyY(t)|Aij)
z. Y o computation Pc, or{LogPc
Hy » 2y AyHy
-
Ayzyhy aiALOQPC Compute
X partial b

0 derivatives
6—AyLOgPC

Figure 6.2 Diagram of generating parallel linear transformation matrices for optimal probability combination
performance
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d(LogP(A X,|A,C. d(LogP(A,)Y, C:
Compute (Log (a; {A)) Compute (Log (QVAyJAV )
X
asin Equation (6.16) asin Equation (6.16)

Y Y

O(LogF{P(AX|AC), P(AYAC) _

oA,

Generate

9(LogF{ P(A X,|AC), P(A Y{|AC)})
Ay

the combination function F asin Equation (6.13) through Equation (6.15)

Y

dLogP dLogP
99 and Z=29¢ asin Equation (6.12)

A, oA,

based on the specific from of

Generate

Figure 6.3 Diagram of computing the partial derivative of the normalized acoustic likelihood (log value) with
respect to the transformation matrices. Assuming HMM states that are modeled by single Gaussian distribu-
tions.

6.3.2.2 Generating parallel transformation matrices with mixture of Gaussians distributions as

HMM state observation probabilities

In many situations, speech recognition systems use mixtures of Gaussians as formulated in Equation
(6.18) instead of asingle Gaussian distribution asthe HMM state observation probabilities. We describein
this subsection the process of generating parallel linear features for optimal probability combination per-
formance when mixture of Gaussians distribution distributions are used for the HMM state observation

probabilities.

1 T -1
eXp{_é(Xt_Hj, C) zj,C (Xt_ujic)}

P(X:|C:) = SW.N(X: o 25 ) = S'w,
t|Ci EC: NXGHj o 2 ¢ EC: c (ZT[)D/Z‘Z

2 6.18
id (6.18)

The processin general is very similar to that of generating optimal parallel features with single Gauss-

ian distributions for the HMM state observation probabilities. Asin the previous case, the partial derivative
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of P. or LogP. iscomputed with respect to the transformation matrices, which further depends on the

derivatives of the combined likelihood for each recognition class (i.e. HMM state) G as in Equation

(6.12), which in turn depends on the derivatives of the likelihoods of individual feature stream based on the

specific form of the combination function.

The major difference between the processes of generating optimal parallel features using single Gauss-
ian or mixtures of Gaussians as the output distributions is in the way that the derivatives of the acoustic
likelihoods of individual feature streams are computed. Since the observation probabilities are now mod-
eled as mixture of Gaussians, the expressions for the derivative of the individua likelihood

0LogP(A,X{|A,Ci) adLogP(A, Y,|A,C)
| t |

0A, aAy

In developing these expressions, we begin with the expression of the transformed feature vector and

will change accordingly.

model parameters of each HMM state G in Equation (6.19). The symbols in Equation (6.19) share the

same meaning as those for single Gaussian distributions in Equation (6.9). Each HMM state G in Equa-

tion (6.19) now has multiple mean vectors, covariance matrices, and mixture coefficients rather than the
single mean and covariance matrix in Equation (6.9). The parameters of each of the Gaussian components

are indexed using the variable c in Equation (6.19), same as what we did in Equation (6.18).

X' = AXX
“'j,c,xz Ax“j, C, X
2, ¢, x= AxZj ¢, xA
We x = W x

Y'=AyY

Wi, c,y™ AYM, ¢y (6.19)

T
X

As can be seen in Equation (6.19), we assume that the mixture coefficients in the transformed feature

space W , arethe same asin the original feature space w, , . Thisassumption enables us to formulate

the model parameters in the transformed feature space as the result of the transformation as in Equation
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(6.29).
With the transformed feature vector and model parameters asin Equation (6.19), the observation proba-

bilities of state  C; in the transformed feature spaces can now be formulated as:

P(AK|AC) = YW (PAX|AC )
c

1 T T,71
eXp{_é(AxXt _Ax“j, c, %) (szj, c, W) (A _Ax“j, c, x)}

= Z\N'
G X D/2 T|1/2
c (2m) ‘szj’ N XAX‘

, (6.20)
PIAAC)) = %Wc, yPAYYAC

-1
|30 Agh, )T ) A |

2
(2")D/2‘Ayzj,c, yA;‘l/

= 2Wey
c

where  P(AX{|AC; o) and P(AY|ACj o) are the likelihoods of the Gaussian component c of the

individual feature streams in the transformed feature space. The derivative expressions of the new likeli-

hoods then become:
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aLog[sz PAKALC; C))
Cc

A, oA
ZWC, XF’(AxXt‘AxC
Cc

dLogP(AX(|AC)

X

i
j.c
DaLogP(AXXt|AXCi’ o)

> Wi xPAXAC 1) 0A,
k

T T,1 T

1 a{(AxXt_Ax“j, c, x) (szj, c, xAx) (Axxt_Ax“j, c, x) + LOg‘szj, c, xAxH
ZWC, xP(AxXt‘Aij, c) D‘Q &
c

oA,

Zwk, xP(AxXt‘Aij, K
k

aLog[ w' . P(A, Y |A,C )]
OLogP(A YA C)) % &y P IAC ¢
oAy ) oAy
T W PAYAC o)
4 c.yPAy t‘Ay Jc [;aLOgP(:th|Aij’C)
S Wi PAYIAC, ) Ay
K

T 7,1
YA ) AT A (A Ve Ay o)+ Loglay o A

_ 2V yPAVAC ) G5 oA,
- c

zk:W'kf yP(Ath‘Aij’ k) (6.21)

As indicated by Equation (6.21), the derivatives of the acoustic likelihoods of individual feature
streams using Gaussian mixtures as the state observation probabilities become a weighted summeation of
the derivatives of the individual Gaussian components. Hence, we must first compute the derivative of
each Gaussian component within the mixture, then take a weighted summation of these derivativesto gen-

erate the derivative of the observation probability asin Equation (6.21).

The specific process of computing the partial derivatives of LogP. for Gaussian mixture distributions

isillustrated in Figure 6.4, which is slightly different from the computation using a single Gaussian distri-
bution illustrated in Figure 6.3. The process of generating parallel linear features with Gaussian mixtures
for the state observation probabilities is the same as the process of combined feature generation using sin-

gle Gaussian distributions asillustrated in Figure 6.2.
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dLogP(A X, |A,C; .
Compute PPIAXI A, for Compute OLogP(Ay|ACj, ) for
0A, aAy
each individual Gaussian component ¢ each individual Gaussian component ¢
J(LogP(A X;|A,C; d(LogP(A,Y. C
Compute 20T AXKIAC)) compute ZLOPPANIAC))
A, aAy
asin Equation (6.21) asin Equation (6.21)
Generate J(LO9F{ P(AX{|AC;), P(A,Y{|AC)}) and

oA,

d(LogF{P(A X, |A,C)), P(AY, C. e
(LogP{PAX | AC)). P(AYH| AC)} ) based on the specific from of

Ry

the combination function F as in Equation (6.13) to Equation (6.15)

Y

dLogP
and Z29¢ asin Equation (6.12)
0y

dLogP,

oA,

Generate

Figure 6.4 Computation of the partial derivative of the normalized acoustic likelihood (log value) with respect
to the transformation matrices assuming HMM states that are modeled by Gaussian mixture distributions

6.4 Generating single-stream featuresfor better individual recognition perfor -

mance

Not only can our proposed agorithm generate parallel linear features for optimal performance when
used in the context of probability combination, but it can aso generate a single stream of linear feature that
optimizes the individual recognition performance of a single system. In this section we will discuss the
specific process of generating single-stream linear features for optimal individual recognition perfor-
mance. We will show that the process of generating parallel linear features for optimal probability combi-
nation performance and single-stream features for optimal individual recognition performance using our
algorithm can be united together under the single framework of optimizing the normalized acoustic likeli-

hood of the true recognition classin the “system”. When this “ system” actually refers to a combination of
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individual recognizers, as in the previous section, parallel features with optimal combination performance
can be generated. If we change the definition of the “system” to an individual recognition system, as will
be described in this section, optimal single-stream features that maximize the individual recognition per-
formance can be generated. From this point of view, the process of generating single-stream featuresis a

simplification of the process of generating parallel linear features.

6.4.1 Generating single-stream linear featuresas an optimization process

In generating parallel feature streams that optimize probability combination performance, we exploited
the normalized acoustic likelihood of the “true”’ recognition classin the combined system as an approxima-
tion of the combination performance measure, and we searched for the parallel transformation matrices
that maximized this term. We approach the generation of optimal single-stream linear featuresin a similar
fashion, seeking the transformation matrix which maximizes the normalized acoustic likelihoods of the

“true” recognition classes in an individual system.

The specific process of generating optimal single-stream features can be described as follows: we adopt

the same notation as in the previous section about the generation of paralel features to define the most-
likely recognition class (e.g. HMM state) in each framet as Cht , asingle transformation matrix as A, and
the original feature representation as X. We then represent the accumulated value of the normalized acous-
tic likelihood P, in the transformed feature space AX as

PaxAC) 6.22)

Y P(AX|AC))
j

Pe =T
t

Next, we search for the matrix A which maximizes the normalized acoustic likelihood term P, to pro-

duce the optimal single-stream linear feature:

P(AX|AC)
A = ArgmaxP. = Argmax, |‘|

t 3 P(AX{|AC)) (6.23)
i

where P(AXt‘ACj) isthe acoustic likelihood of Class G- This could be computed assuming either single-
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Gaussian output distributions as in Equation (6.24), or assuming Gaussian mixturesfor the output distribu-

tionsasin Equation (6.25):

T T,~1
exp{—%(AXt—Auj) (AZA]) (AXt—Auj)}

—_— . T =
(2m) ‘Asz ‘

Loax —Aw )TAT AT TAX A
eXp _é( t ujic) ( j,C ) ( t ujic) (625)

P(AX{|AC)) = 3 wj P(AXAC o) = YW ¢ " )D/Z‘AZ AT‘l/Z
Cc Cc TT H
jc

The parameters b and Zj in Equation (6.24) represent the Gaussian mean and covariance of state G

respectively, while e Zj ¢ and Wi ¢ in Equation (6.25) are the corresponding mean, covariance and

mixture coefficient of Gaussian component ¢ of state C. By simply changing the normalized acoustic

likelihood from the combined system to an individual system, our agorithm is capable of generating sin-

gle-stream features that optimize the recognition accuracy of an individual system.

Before describing the detailed process of generating our single stream linear feature based on the maxi-
mum normalized acoustic likelihood, we'd like to make a brief comparison of our new feature with some
conventional linear feature generation schemes like PCA[11][33], LDA[11][29], HLDA[42][68], Maxi-
mum Representation and Discrimination Feature (MRDF)[70]. PCA seeks the transformation matrix
which best represents the original data in the transformed feature space in the minimum mean square error
sense. LDA seeks the transformation matrix which generates the maximum ratio of between class covari-
ance determinant and within class covariance determinant. HLDA extends the LDA by incorporating mul-
tiple clustersinto each class, while the M RDF method seeks a transformation that keeps the representation
of each class and increases the separation among different classes at the same time. Through the optimiza-
tion of an objective function defined as a mixture of the representation objective (i.e. the transformed cova-
riance criterion as used in the PCA) and separation objective (which is the ratio between average inter-
class data sguare distance and average within class covariance), MRDF generates its transformation
matrix. In contrast to all of the above approaches, our single stream linear feature seeks the transformation

matrix which directly maximizes the normalized acoustic likelihood of the true recognition class (i.e. the
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most likely HMM state) in the transformed feature space.

6.4.2 Finding the single linear transformation that maximizes nor malized acoustic likeli-
hood

The process of finding a single-stream linear optimal transformation matrix that maximizes the normal-
ized acoustic likelihood as in Equation (6.23) is very similar to the process of finding parallel transforma-
tion matrices that optimize the probability combination performance as in Equation (6.7) or Equation (6.8).

We still need to first compute the derivative of the normalized acoustic likelihood term (or log value

LogP. ) with respect to the transformation matrix A as in Equation (6.26):

P(AX|AC
LogP = 2dA d LogP(AX \AC t) - Z(—L'— d | ogP(AX {AC) . (6.26)
dA t " ZP(AXt‘ACk)

and then use the gradient ascent approach to iteratively update the transformation matrix as in Equation

(6.27)

i i OLogP
i+1 i
A +e i C, (6.27)

0A

where the meanings of the symbolsin Equation (6.27) are the same asin Equation (6.17).

Since there is no combination function F or combined acoustic likelihood involved in single-stream

feature generation, the derivative of the normalized acoustic likelihood LogP can be accumulated

directly from the derivative of the acoustic likelihood of individual feature stream LogP(Axt‘AC ).

dA

Depending on whether we use a single Gaussian or a mixture of Gaussians for the HMM state observation

probabilities, the derivative of the acoustic likelihood of individual feature stream d LogP(AXt‘ACj) can

dA
beformulated as:

-1
dLogP(AX‘AC - %Dd_{(AXt—Auj)T(AZjAT) (AXt—Auj)+Log‘AZjAT‘}

dA (6.28)
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d
W, P(AX|AC; o) OrzLogP(AX|AC| o)

j
diALogP(AXt‘ACj) = C
S PAX|AC )
k

(6.29)

=

d T T,71 T
> W PAX(AC o) G5 D@{(Axt‘Auj,c) (A3 A) (AXt—Apj’C)+Log‘AZj’CA ‘}
- C

ij’ kP(AXt‘ACj, K
k

The specific expressions of the derivatives in Equation (6.28) and Equation (6.29) are the same as the
partial derivative expressionsin Equation (6.16) and Equation (6.21). We put them in the Appendix to save

space here.

With the above equations for the likelihoods and their derivatives, the process of computing the deriva-
tive of the normalized acoustic likelihood in the single-stream feature generation can be characterized in
Figure 6.5. The whole process of generating single-stream linear features that optimize the individual sys-

tem recognition performanceisillustrated in Figure 6.6.

Mixture of Gaussians?

6L0gP(AXt|AC~) oLogP(AX |AC~)
Compute 1 LM
ompu A Compute A
asin Equation (6.28) asin Equation (6.29)
dLogP _ dLogP
Generate 62 ¢ asin Generate 997 asin
Equation (6.26) Equation (6.26)

Figure 6.5 Computation of the derivative of the normalized acoustic likelihood with respect to the transforma-
tion matrix for single-stream feature generation.
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Figure 6.6 Generation of single-stream linear feature for optimal individual recognition performance.

6.5 Evaluating the performance of paralld features

6.5.1 Experimental procedures

Two databases, RM and WSJ0, were used to evaluate the performance of our linear feature generation
algorithm. The experiment procedures were the same as described in previous chapters on lattice combina-
tion and probability combination, except that some of the conventional features used in recognition and

combination were replaced by features generated using our algorithm.

In each testing dataset, both the parallel linear features that are targeted at improving probability combi-
nation performance and the single-stream linear features that are designed to optimize the recognition per-
formance of an individual system were generated from our algorithm. The iterative gradient ascent
approach as described in Equation (6.17) was used to generate the transformation matrices in both situa-
tions. The iterative procedure terminates when the results (i.e the normalized acoustic likelihood of the sys-
tem) converge. To assure convergence, we gradually reduced the step size in the iterative procedure every
10 to 15 iterations depending on the specific recognition task. When thereis oscillation (i.e. when the value
of the objective function at the current iteration is less than it was at the previous iteration), we aso reduce

the step size.

All the features that were tested and combined in our experiments were generated as linear transforma-
tions from the original log-spectral speech representation. The original dimension of log-spectral feature

was 40. We augmented this log-spectral feature with its delta and double-delta components before trans-
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formation. Hence, the total dimensionality of the original features was 120. This 120-dimensional feature
vector was transformed into a 39-dimensiona new feature space, so the dimension of the transformation

matrices was 39 by 120.

Both the new features generated from our agorithm and the conventional linear features such as
MFCC, PCA/KLT, LDA, and HLDA, were evaluated using both the RM and WSJO corpora. For each cor-
pus we eval uated both the individual recognition accuracy provided by the various features and the recog-

nition accuracy obtained when parallel linear features were used in combination.

For the remainder of this chapter, we will first describe the experimental results for the RM and WSJO0
databases. We will then describe some other issues involved in the experiment such as the effect of initial

points on the recognition accuracy.

6.5.2 Experimental results using the RM database

We evaluated individual recognizer performance using both conventional linear features such as
MFCC, PCA/KLT, LDA, and HLDA aswell as our new linear features. Our linear features were generated
according to the diagram in Figure 6.6, using the LDA matrix astheinitial point in the gradient ascent pro-
cess. Four different linear features were generated from our algorithm with different number of Gaussians
per mixture used in the HMM state observation probability distribution. These four features were labeled
asAl, A2, A4 and A8, which correspond to the use of 1, 2, 4 and 8 Gaussians per state for the HMM state
observation probabilities. These four new features, together with the four conventiona linear features
(MFCC, PCA/KLT, LDA and HLDA) were tested for their individual performance and compared against
one another. Acoustical models with 1, 2, 4 and 8 Gaussians per state as observation probabilities were
trained and tested for each of these eight features, producing atotal of 32 individual experimental results
for the RM corpus. Table 6.2 describes the WER obtained from these linear features on the RM corpus
under the different training/testing conditions. Each column in the table represents the performance of var-
ious features under one training and testing situation with the number of Gaussians used per mixture in the
state observation probability listed at the top of that column. Each row in the table represents the perfor-

mance of one feature across the various training and testing conditions.

There are a number of observations that can be drawn from Table 6.2. The first is that our new linear

features provide better recognition accuracy than conventional linear features. In each column of Table 6.2,
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WERS(%) 1 Gau 2 Gaus 4 Gaus 8 Gaus
MFCC 10.29 8.68 7.66 8.31
PCA/KLT 8.96 7.86 7.30 7.85
LDA 8.36 7.67 6.93 7.51
HLDA 8.66 1.57 6.74 7.38
Al 1.57 6.82 6.98 7.46
A2 7.62 6.69 6.50 7.33
A4 8.34 7.11 6.34 7.09
A8 8.37 7.30 6.48 6.88
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Table 6.2. WERs obtained using various linear features for the RM data set with different training and
testing conditions. The number at the top of each column indicates the number of Gaussians per mixture
used for the HMM state observation probabilities in training and testing. A1 through A8 are the new
linear features generated from our agorithm with correspondingly 1, 2, 4, and 8 Gaussians per mixture
used as observation probabilities.

which describes results for a specific number of Gaussians per mixture, the best performing feature is
alwaysin the lower part of that column, i.e. the region that corresponds to our new linear features. Most of
the improvements in recognition accuracy of our new linear feature over the conventional one were statis-
tical significant, as indicated by the significance measuresin Table 6.3. We & so note that the best-perform-
ing linear feature is that for which the number of Gaussians used to generate the feature-transformation
matrix isidentical to the number of Gaussians used in the actual system evaluation. Thisis not surprising,
as matching conditions in generating linear features to the training and testing conditions should result in
better performance. We believe that generating linear features under conditions that resemble the model
training and testing process contribute (at least partially) to the better recognition accuracy obtained by our

new linear features compared to conventional linear features.

Alvs A2vs A4 vs A8vs
LDA LDA LDA LDA
Statistical Significance measure P 0.015 0.005 0.043 0.060

Table 6.3. Statistical significance of differences between the WERSs obtained using our new linear
features and using conventional LDA feature for the RM set. Significance measures were generated
using the “matched pairs’ method [16].

In the parallel feature combination experiments, both the individual recognition accuracy and the com-
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bined performance of the parallel features were tested. We compared three pairs of parallel linear features:
(1) the conventional linear features of LDA and PCA, (2) parallel features generated from our agorithm
using summation as the combination function F, and (3) paralel features generated from our agorithm
using multiplication as the combination function F. These two sets of new parallel features were iteratively
generated using the gradient ascent approach as described in Equation (6.17). In the experimental results
reported here, the iterative procedure wasinitialized using LDA and PCA transformation matrices. We a so
explored the effect of using other initial points on the performance of the final transformation matrices, as
will be discussed later in this chapter. For each set of parallel features, both the individual recognition
accuracy and the probability combination accuracy were tested. Probability combination was implemented
using two different combination functions, summation and multiplication. Hence there were four different
results for each set of paralel features. two for the individual recognition performance of each feature
stream, and two more for combined performance using the summation and multiplication functions. These
two sets of new parallel features were all generated based on using 1, 2, 4, and 8 Gaussians per mixturein
the HMM state observation probability, and the models were also trained and tested (and combined) with
1, 2, 4, and 8 Gaussians per mixture in the HMM state observation probability. Because the effect of the
number of Gaussians used per mixturein parallel feature generation is the same as was observed in single-
stream feature generation, we only reported the recognition performance for matched conditions? in
which parallel features were generated, tested and combined using four Gaussians per state for the HMM

state observation probabilities. These experimental results are summarized in Table 6.4

20. The experimental results listed in Table 6.4 was a matched condition in terms of the number of Gauss-
ians used per mixture in the HMM state observation probability. We will look at the effect of another
matched conditions in terms of the combination functions used in generating and combining parallel fea-
tures.
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WERS(%) LDA&PCA | Para_multiplication | Para_summation
First stream individually 6.93 7.14 7.14
Second stream individually 7.30 6.42 7.27
Multiplication combination 7.06 5.99 6.10
Summation combination 5.28 4.83 4.61

Table 6.4. Recognition and combination results for three pairs of parallel features. The feature sets
are conventional LDA and PCA, parallel features generated using multiplication as the combination
function (Para_multiplication), and the parallel features generated using summation as the
combination function (Para_summation).

From Table 6.4 we can see that the use of parallel features provides significant improvements in recog-
nition accuracy. We achieved 13% and 15% rel ative improvements using the summation and multiplication
combination compared to the conventional parallel features of LDA and PCA, and these improvements are
statistically significant using the matched pairs test. This clearly indicate the effectiveness of our parallel
feature generation algorithm. We al so note that for each combination function tested, the set of parallel fea-
tures that yields the best combined performance was aways the one that was generated using the same
combination function. For example, the globally optimum summation combination performance was
achieved by our parallel features which were generated using the same summation function. This observa-
tion is similar to what we found with the dependences on the terms of number of Gaussians per mixture
used for the HMM state observation probabilities. matching the conditions used to develop the features
with the conditions used for system training and testing produces the best performance. Again, we believe
this observation confirms (at least partially) the value of generating parallel features for each specific com-
bination function in order to fully utilize the benefit of that combination function, as suggested earlier as an

improvement of our approach over conventional parallel feature generation algorithms.

It is aso interesting to compare the recognition accuracy obtained using our parallel features with that
obtained using conventional LDA and PCA features. Specifically, while the parallel features developed
using the summeation and multiplication functions provide the best performance when used in combination,
the best-performing parallel-sum features are outperformed by the conventional LDA and PCA features

when the features are considered in isolation. This reinforces the concept that while these features are
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developed to optimize performance when used in combination, performance of the individual features may
be suboptimal. Of course, we can still generate single-stream optimal features for better individual recogni-
tion accuracy, asdescribed in Section 6.4, but those features will be different from the ones generated with
the purpose of optimizing combination performance, since the criteriafor these two situations are different

from each other.

In general we believe that the maximum benefit from parallel feature combination arises when the fea-
tures are most “ complementary” or “different” from one another. From this point of view, a set of “good”
parallel features should be those for which the individual features are as different from each other as possi-
ble. Anincrease in the " complementary” or “difference” between parallel features may result in a decrease
in the individual recognition accuracy that is obtained when parallel features are used in isolation, but it
will provide better performance when these parallel features are combined together. Indeed, if we adopt as
aheuristic definition for “complementarity” the relative reduction in word error rate of a combined system
over the single best individual system, this complementary measure in our new parallel feature set was
higher than the one computed from the conventional LDA and PCA set, as we compare the 23.8% reduc-
tion in WER using the LDA and PCA set with the corresponding 24.7% obtained from parallel features
generated with multiplication function, and the 35.4% relative reduction from parallel features generated

with summation function.

6.5.3 WSJO0 experimental resultsand analysis

The experiments carried out using the WSJO database were the same as those using the RM database.
We generated both single-stream linear features with the goal of improving individual recognition perfor-
mance, and paralel linear features for optimal probability combination performance. The single-stream
features for optimal individual recognition accuracy were generated using four Gaussians per mixture for

the HMM state observation probabilities, while the parallel linear features were generated with each indi-

vidual stream using two Gaussians per mixture as the HMM state observation probability distributions®.

As before, the summation and multiplication combination functions were used to generate parallel linear

21. Aswe combine two feature streams together, the number of free model parametersin the combined sys-
tem (2 streams with 2 Gaussians per stream) will be the same asin the individual system (4 Gaussians per
stream). In this fashion we compare the best performance obtained using single stream features with the best
combination performance obtained using parallel features developed with the same number of free model
parameters.
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features. Both the single-stream and parallel stream linear features were iteratively generated using the gra-
dient ascent approach as in Equation (6.17) and Equation (6.27). The LDA matrix was used as the initial
point for generating single-stream features, while LDA and PCA matrices were used to initialize the updat-
ing procedure in generating parallel features. Conventional linear features such as MFCC, PCA, LDA, and
HLDA were also tested in the single-stream feature case for comparison purpose. The combined perfor-

mance of our parallel features was compared with the combined performance of LDA and PCA features.

Table 6.5 summarizes the WER obtained using the individual feature streams in the WSJO database,

with the acoustic models trained and tested using four Gaussians per mixture in the HMM state observation

probabilities.
Feature MFCC PCA LDA HLDA M axProbFeat
WERS(%) 9.02 8.48 8.03 7.88 7.68

Table 6.5. Recognition accuracy provided by single-stream features for the WSJ0 database.
“MaxProbFeat” represents the single-stream feature generated from our agorithm, which maximizes
the value of the normalized acoustic likelihood of the “true” HMM dtate. It was generated using four
Gaussians per mixture for the HMM state observation probabilities. All the systems were aso trained
and tested using four Gauss ans per mixture.
Table 6.6 summarizes both the individual and combined performance of parallel features generated
using our algorithm. The same three pairs of parallel features are shown that were used for the RM data:
LDA and PCA features, and parallel linear features developed using the summation and multiplication

combination functions. All the models were trained and tested using two Gaussians per mixture for the

HMM state observation probability distributions.

WERS(%) LDA&PCA | Para_multiplication | Para_summation
First stream individually 9.32 9.94 9.69
Second stream individually 9.81 10.09 10.48
Multiplication combination 8.79 8.28 9.0
Summation combination 7.99 7.81 7.57

Table 6.6. Combined performance of parallel feature streams in the WSJO database. The models for
each individual feature stream were trained and tested using two Gaussians per mixture. The
meaning of the symbols are the same asthe onein Table 6.4
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Asseeninthedatain Table 6.5 and Table 6.6, all overall trends observed in the RM experiments remain
true for the WSJO experiments. Our single-stream linear features provided the best individual recognition
accuracy and the new parallel features improved the combined performance. Matching conditions in the
functions used to generate parallel features and to combine them in the recognition process still produces
the best combined system performance. It is still the case that the parallel features that provide the best
combined performance do not provide the best individual recognition accuracy. Nevertheless, the relative
improvement achieved for the WSJ0 database from our algorithms was not that great as for the RM data-
base, as we note a 3-5% relative improvement of our optimal single-stream features over the conventional
best linear feature in WSJO compared to a relative improvement of 6-11% for the RM database. Similarly,
the 5%~6% relative performance gain in the parallel feature combination experiment in WSJO0 is smaller
than the corresponding 12%~15% in the RM set. Although the specific reason for this reduced benefit of
our algorithm is unclear, we hypothesize that the complex testing situation in WSJO database might be the
major reason. As reflected in the Equation (6.7) and Equation (6.23), our feature generation algorithm
seeks the transformation matrices that optimize the normalized acoustic likelihood in the combination sys-
tem or the individual system, which is in the broad sense a discriminative training algorithm. As many
other people have observed [28], the effectiveness of a discriminative training algorithm diminishes as the
testing situation get more and more diverse. In our situation of generating linear transformation matrices, it
becomes increasingly difficult to find a global transformation matrix (or matrices) which is (are) signifi-
cantly better than other matrices (e.g. the one from LDA, HLDA) in discriminating the data from different
classes. The transformation matrices generated from our algorithm may still be better than those generated
from conventional methods (as is confirmed by our experimental results), but their difference in recogni-

tion accuracy become smaller and smaller as the testing situation getting more and more complex.

6.5.4 Portability of our new linear features

Our new feature generation algorithm generates linear features through the maximization of the nor-
malized acoustic likelihood of the training data, which is a data-driven approach. As different training set
may have different characteristics, the optimal transformation matrices generated for one training set (e.g.
RM) may be different from the other set (e.g. WSJ0). Although in theory we should apply our agorithm
and generate a new set of transformation matrices for each new training set, it would be nice if we could

still use the optimal transformation matrices generated from other sets to achieve reasonable performance



6. Generating Linear FeaturesBased On The Maximum Normalized Acoustic Likelihood Page 101

without the need to regenerate new transformation matrices. In this subsection, we reports our experimen-

tal results on the portability of our linear features.

The portability experiments were carried out in the following manner: We generated the optimal single
stream transformation matrix for the WSJO database, and then applied the generated transformation matrix
to the RM dataset. For comparison purposes, we also tested the portability of the LDA and PCA matrices
by generating them for the WSJO database and training and testing them using the RM database. The

experimental resultsin terms of WER arelisted in Table 6.7.

1 Gau 2 Gaus 4 Gaus 8 Gaus
PCA feature generated from WSJO 9.35 8.21 7.84 8.04
LDA feature generated from WSJO0 9.06 797 7.94 7.62
Optimal linear feature from WSJO0 8.85 7.09 6.86 7.30
PCA 8.96 7.86 7.30 7.85
LDA 8.36 7.67 6.93 751
Optima linear feature 7.57 6.69 6.34 6.88

Table 6.7. Portability of various linear features. Three linear features (PCA, LDA and our new
optimal single stream linear feature) were tested and compared against each other. The top three
rows represent the linear features that were generated from the WSJO database while tested on the
RM dataset. The bottom three rows are the result of linear features which have been generated
and tested on the same RM set.

Table 6.7 revealed some interesting observations. It is clear that generating linear features on one fea-
ture set and training and testing on another set will degrade recognition accuracy. This can be seen from
comparisons of the experimental results in the bottom three rows with the corresponding results in the top
three rows. We need to generate the transformation matrix for each specific training/testing set in order to
achieve optimal performance. Nevertheless, our optimal linear features are more robust than the conven-
tional LDA and PCA features in transferring between different databases. Although they al rendered
degraded performance in the new RM dataset, our optimal linear feature still obtained the best absolute

performance among the three linear features that we have tested.

6.5.5 What do the transformation matriceslook like?
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Our new transformation matrices have been generated in a manner that optimizes the normalized acous-
tic likelihood of the most likely HMM state sequence. The new transformation matrices produce improved
performance in the combined system. In this subsection we carry out some analyses on the generated trans-
formation matrices to see if we can make any interesting observations about the content of the transforma-
tion matrices themselves. As our parallel transformation matrices have been generated from the initial
points of LDA and PCA matrices, our analysis have been focused on comparisons of our new transforma-

tion matrices with the original LDA and PCA matrices.

We first generated paralel transformation matrices using LDA and PCA matrices as the initial point
(choosing the multiplication function for combination). In our comparison, we arbitrarily choose several
rows of the transformation matrices, plotted them and compared against each other. Figure 6.7 is the com-
parison of the first row of LDA matrix and the new matrix initialized from LDA, and the first row of PCA

matrix with the corresponding new matrix that had been initialized from PCA. Figure 6.8 and Figure 6.9

are corresponding comparisons of the 12" row, and the 22™ row of the transformation matrices.

One thing we noticed from the above figure is fact that the matrix initialized from PCA changed alot
compared to the LDA initialized matrix. Although we don’t know the specific reason for this, possible

explanations could include the following: asthe LDA matrix provides better individual recognition perfor-
mance than the PCA matrix, the position of the LDA matrix on the surface of LogP_. could be closer to the

optimal point than the position of the PCA matrix. Correspondingly, the derivative computed from the

LDA-initialized matrix could be smaller than the derivative computed from the PCA-initialized matrix.
According to Equation (6.12), the derivative of the objective function LogP. with respect to the individ-

ual transformation matrix iLogP and

oA, ~x-L0gP. isproportional to the derivative of the combined like-

Ay

lihood with respect to the particular individual transformation matrix

0

I A 0L0IF{P(AX|AC). P(A YA C)} and AyaLogF{P(A Xt AC): PAYAC)} . As we use the

multiplication function to combine probabilities, the derivative of the combined likelihood with respect to
the individual transformation matrix isindeed the derivative of the individual likelihood with respect to the

transformation matrix asindicated in Equation (6.14). Asthe result, the increment contributed to the updat-
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ing of the LDA-initialized matrix, which is proportional to the derivative component, may be smaller than
that of the PCA-initialized matrix, which consequently produces less change to the LDA-initialized matrix
than to the PCA-initialized matrix.

Figure 6.7 Thefirst row of the transformation matrices. The matrices represent features obtained from LDA,
PCA, the PCA-initialized new transformation matrix, and the LDA -initialized new transformation matrix, in
clockwise order beginning with the upper I€eft panel.

Figure 6.8 Same as Fig. 6.7, but representing data from the twelfth row of the transformation matrices.
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Figure 6.9 Same as Fig. 6.7, but representing data from the twenty-second row of the transformation matrices.

In addition to the “graphical” comparison of the transformation matrices, we also evaluated a heuristic

measure T defined to be the average cosine distance between the row vectors of parallel transformation

matrices:
A . .
T = vy Aps (o%i Auiy (6.30)
22 Sontowd
where A, ; isrow i of matrix Ay, “|[" represents the norm of avector, “Abs” represents its absol ute val ue,

and “<,>" represents the dot product of two vectors. We hypothesize that the parallel matrices could be
more complementary if their individual components are more orthogonal to each other, which corresponds
to asmaller value of the heuristic measure T. Our new transformation matrices (as shown in Figure 6.7 to

Figure 6.9) reduced the T measure by 5% compared to theinitial set of LDA and PCA matrices.

As our transformation matrices were generated using data-driven approach, we didn’'t obtain much

additional meaningful information by direct subjective inspection of the transformation matrices.
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6.5.6 The effect of theinitial points
The transformation matrices in our algorithm were generated iteratively using the gradient ascent

approach as described in the Equation (6.17). Since the surface of the normalized acoustic likelihood P,

(or LogP,) over the transformation matrix vaues is not a convex surface, as illustrated in one simple

example in Figure 6.10, the initial points in the iterative updating procedure will directly affect the final
transformation matrices generated. Ideally, we want to start from initial points which will make the itera-
tive procedure converge at the global optimal point, but often in practice we don’t know from which point
should we start to make the iterative procedure converge at the global optimal point. As the result, the iter-
ative updating procedure can get trapped in some local optimal points, and the performance of the final

transformation matrices will be affected.

Figure 6.10 The surface of the normalized acoustic likelihood for a simple 1-by-2 transformation matrix. The
horizontal axes represent the specific value of the two components of the transformation matrix, and the verti-
cal axis represents the corresponding value of the normalized acoustic likelihood. It is clear from the figure
that the surface of the normalized acoustic likelihood over the transformation matrix component is not convex.

In general two approaches can be used to generate initial points. One is to start from some other “opti-
mal” points (such as the transformation matrices obtained using LDA, PCA, etc.) that are generated from

other approaches based on different criteria; and the other is to start from some randomized initial points.
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In this section, we compare the performance of these two initial-point selection approaches.

We choose the task of generating optimal parallel-stream linear features using the multiplication func-
tion for the RM corpus to compare the performance of these two approaches. We start the updating proce-

dure from using the LDA and PCA matrices and some randomized points as the two initial points. At each
iteration of the updating procedure we record the value of the objective function P, (inlog values) and
the recognition accuracy of the combined system using the multiplication function. Figure 6.11 shows the

log value of the objective function LogP, at each iteration with the two different ways of selecting initial

points. The curve of the combined performance at each iteration is shown in Figure 6.12.

-500

-1000

-1500

-2000

Objective function value

-2500

-3000

-3500

20

40 60

90

|

—e—Initialize from random
points

—m— Initialize from LDA and
PCA

Iterations

Figure 6.11 The value of the objective function at each iteration. The dashed line represents the point at

which the iteration process that starts from the LDA and PCA converges.
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Figure 6.12 The recognition results at each iteration.

Asillustrated in the above two figures, starting with the “ optimal” points generated by other approaches
(e.g. the LDA and PCA matrices) have proven to be a more effective approach in iterative updating proce-
dure than the procedure of starting from randomized initia points, which isalso consistent with the ssmilar
observations of others (e.g. Wu observed in hiswork of finding M CE based adaptation matrix [77] that ini-
tializing from the optimal point generated by other approaches (e.g. MLLR) performs better than starting
from the point of using identity matrix). We hypothesize that although the optimal points for the objective
of maximizing the normalized acoustic likelihood in our approach are different from the optimal points
generated from other approaches based on some other objectives, they could be relatively close to each
other, asthey all have the goal of improving recognition performance of the system, either directly or indi-
rectly. Since the surface of the normalized acoustic likelihood is very complicated, the iterative updating
procedure is very likely to be finally trapped into some local optimal points rather than the global optimal
point. Because the “optimal” points generated by other approaches (e.g. LDA and PCA) have in generd
higher values of the objective function than randomized initia points, the iterative updating procedure
started from these more “optimal” points (e.g. LDA and PCA matrices) ismorelikely to end at alocal opti-
mal points which has higher value of the objective function than the ending points of those iterative proce-
dures that start from randomized initial points. We believe that this could be the explanation for the better
performance obtained from initializing from LDA and PCA matrices than initializing from randomized

points.
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6.5.7 Comparing the performance of combined systems with single systemswith the same
number of free model parameters

For each recognition task, two general approaches can be applied. Oneisto extract a single-stream fea-
ture, train the model, and test it with single-stream features. The other is to extract multiple features from
speech data, train the models separately and combine them together. In this section we compare the recog-
nition accuracy obtained with single-stream feature to the performance obtained using a combination of
multiple feature streams, under conditions in which the number of free model parameters used in both situ-

ationsis equal.

The experiments were carried out again using the RM and WSJO database. The individua recognition
accuracy using single-stream features was compared to the performance obtained by combining two paral-
lel features. The number of Gaussians per mixture used for the observation probabilities in the single-
stream feature model was twice the number of Gaussians per mixture used in each individual system in the
parallel feature set, so that the total number of free model parameters was equal for the two systems. Two
comparisons were made: a comparison of individual recognition accuracy of LDA features with the com-
bined performance of LDA and PCA, and a comparison of the recognition accuracy obtained for a single
optimal feature generated according to Equation (6.23) and the combination of parallel optimal features as
generated by Equation (6.7) and Equation (6.8). The parallel features were generated and combined
together using the same summation function in order to obtain a matched conditions in terms of the func-

tion used in generating and combining the parallel features.

The experimental results are summarized in Table 6.8. These results clearly show the advantage of
combining parallel features over the direct use of single-stream features, as the performance of the former
approach was consistently equal to or better than the performance of the latter approach when using the
same number of free model parameters. The advantage of probability combination over single-stream rec-
ognition was even more obvious at certain points at which the acoustic model get over-trained. For exam-
ple, with eight Gaussians per mixturein the RM database, the single-stream feature model showed signs of
over-fitting asits performance was worse than that obtained using four Gaussians per mixture. But the per-
formance obtained by combining two feature streams with four Gaussians per mixture still showed an
improvement compared to the combination of two streams with two Gaussians each. Even though the

number of free model parametersin both situations (i.e. single-stream features using 8 Gaussians per mix-
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ture and two parallel streams using 4 Gaussians per mixture individually) was the same, the performance
of the single-stream model showed signs of being over-fitted, while the combined system still showed an
improvement. This may suggest another advantage of the combination is a “robustness’ to over-fitting: at
the point at which a single feature stream becomes over-fitted by training data, combining parallel systems

may provide a further improvement in recognition accuracy.

Single-stream, 2n Two parallel streams,

WER (%) Gaussians per each with n Gaussians
mixture per mixture
RM: LDA vsLDA and PCA comb; 7.67 7.30
n=1
RM: LDA vsLDA and PCA comb; 6.93 5.76
n=2
RM: LDA vsLDA and PCA comb; 7.51 5.28
n=4
RM: optimal single stream vs optimal 6.69 6.16
paralel streams; n=1
RM: optimal single stream vs optimal 6.34 511
paralel streams; n=2
RM: optimal single stream vs optimal 6.88 461
paralel streams; n=4
WSJ0: LDA vs LDA and PCA comb; 8.03 7.99
n=2
WSJ0: optimal single stream vs opti- 7.68 7.57

mal parallel streams; n=2

Table 6.8. Comparison of single-stream recognition accuracy with parallel-stream combined
performance under the constraint that the number of free model parameters is the same in both
situations. The parameter n is the number of Gaussian components used per mixture in each
individual stream of the parallel feature. The number of Gaussian components used in the single-
stream featuresis 2n.

6.6 Comparison of different methodsfor parallel feature generation and com-

bination

So far we have proposed four different algorithms to improve the performance of combined systems

from different perspectives. Three of them are the parallel feature combination algorithms: the | attice com-
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bination method described in Chapter 4 and the two probability combination methods described in Chapter
5. The fourth approach is the parallel linear feature generation method based on maximum normalized
acoustic likelihood that is described in this chapter. These algorithms are al described in an isolated man-
ner without taking into account the joint effect of applying them together. In this section, we consider the
combined performance when these algorithms are applied together. Specifically, we will compare the rec-
ognition accuracy obtained by combining | attice combination and probability combination with the parallel
features described in this chapter. These comparisons are intended to be more suggestive than comprehen-

sive, and only alimited number of experimental conditions are employed.

Again, we use the RM database for these experiments. We compare in these experiments:

» Theindividual recognition accuracy obtained using LDA and PCA features

» Lattice combination performance of LDA and PCA feature

* Probability combination performance of LDA and PCA features with tied HMM states

* Probability combination performance of LDA and PCA features with context-dependent untied HMM
states

* Loss-based weighted probability combination performance of LDA and PCA features

* Individual performance obtained using paralel linear features (with the summation combination func-
tion and LDA and PCA matrices asinitial points)

» L attice combination performance of our new parallel features

* Probability combination performance of our new parallel feature (using both tied HMM states and
context-dependent phoneme untied HMM states for combination)

* Loss-based weighted probability combination, as above.

These conditions were selected because they provided a representative comparison of all of the ago-
rithms discussed in this thesis.

Recognition results for the conditions above are summarized in Table 6.9, obtained using asingle Gaus-
sian for the output distribution for generating parallel features and for training / testing the speech recogni-

tion systemzz. These experimental results are consistent with our previous observations when the proposed

techniques as lattice combination, probability combination and parallel feature generation were applied

22. We also performed the experiments using mixture of Gaussians. The observations were very similar to
the results obtai ned using single Gaussians that are reported here, so they are omitted from here.
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WERS(%) LDA &PCA | Parallel features

First individual feature stream 8.36 8.82
Second individual feature stream 8.96 8.82
Hypothesis combination of parallel streams 7.54 7.38

L attice combination of parallel streams 7.21 7.01
Probability combination of parallel streams (Tied 7.30 6.16

HMM state, equal weights)

Probability combination of parallel streams (Tied 7.02 5.97

HMM state, loss-based weights)

Probability combination of parallel streams (Context 6.90 5.86

dependent phoneme HMM state, equal weights)

Probability combination of parallel streams (Context 6.72 5.74
dependent phoneme HMM state, |oss-based weights)

Table 6.9. Comparison of the joint effects of applying parallel feature generation and combination
algorithms in the RM set. Parallel features are generated using LDA and PCA matrices as the initial
points.

and tested in isolation. Lattice combination provides better combination performance than hypothesis com-
bination on various sets of parallel features; probability combination in general outperformsthe hypothesis

combination algorithms, and weighted combination (with loss-based weights) using context-dependent

phoneme HMM s state provides the best?3 combination performance among the various combination meth-
ods that we have tested. When the specific combination stage and combination function have been fixed,
combination performance can be further improved by using parallel features that are specifically designed
to optimize the combination performance using the specific combination function at that combination
stage. This effect of the parallel features and the combination method on combined performance also con-
firms our original expectation that the task of improving the combined performance should be approached
from both the directions of refining the combination method and designing parallel features for the specific

type of combination to be employed.

23. While thisis true in general, for the TID set context-dependent phoneme HMM states performed alittle
bit worse than tied HMM states.
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7. Summary and Conclusions

7.1 Introduction

In this thesis we have sought to improve the performance of speech recognition systems through the
combination of parallel acoustic features. Combination of information has been proven to be an effective
approach for improving the speech recognition accuracy in many situations, as the performance of the
combined system consistently outperforms the best performance of individual feature streams, provided

that the combination is done appropriately.

Research in information combination can generally be divided into two categories, focussing either on
the specific algorithm by which information combination is accomplished, or the selection of the features
of the systems to be combined. Our work considers both of these issues. We describe a new |attice combi-
nation algorithm that combines the lattices from parallel features (or systems) together, and two new prob-
ability combination algorithms, as loss-based weighted probability combination and untied context
dependent phoneme HMM state combination, which fuse the probabilities of parallel features or systems at
the stage at which probabilities are evaluated in the HMMs prior to the search process. These two kind of
combination algorithms operate in rather different ways and have different properties. The lattice combina-
tion agorithm is more flexible in that it can combine parallel systems or features with any arbitrary model
structure, while the new probability combination algorithms provide greater accuracy performance but
assumes that the systems to be combined have similar model structures (i.e. al parallel systems should be
HMM based). In our work on the extraction of parallel acoustic features, our maximum normalized acous-
tic likelihood based linear feature generation algorithm generates parallel linear features directly in afash-
ion that optimizes the performance of a combined system that is based on the generated parallel features.
The process of generating parallel features has been reformulated as an optimization process with the
objective of maximizing the accuracy of the combined system, and the task of generating parallel features
for optimal combined performance has been transformed into a process of finding parallel features that
optimize an objective function. In addition to generating “ optimal” parallel features for each specific com-
bination agorithm, this approach can also generate a single stream feature that optimizes the recognition
accuracy of an individual system, just by switching the definition of the objective function from the accu-

racy of acombined system to the accuracy of an individual speech recognizer.
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In the remainder of this chapter we summarize the findings and the contributions of this thesis, discuss

some of the remaining open questions in this area, and we point out possible directions for future research.

7.2 Summary of the major contributions of the thesis

Lattice combination: We have developed a new lattice combination algorithm that directly combines
the lattices generated from parallel features (parallel systems) together. Lattices contain much more infor-
mation about the word sequences that should be considered in a search process than a single best hypothe-
sis, and they provide a much more compact and efficient representation than an N-best list of hypotheses.
Combining lattices yields better combined performance than hypothesis-based combination algorithms

that operate on the best outputs of individual recognizers.

Probability combination with loss-based combination weights: This new algorithm combines the
probabilities (acoustic likelihoods) of each recognition class (HMM state) from parallel features, and pro-
duces a combination result based on the combined probabilities. This procedure weights unequally the
contributions of individual features or systems, based on the “loss” of that particular feature or system in
predicting the acoustic likelihood for each recognition class. This loss measure is based on the difference
between the predicted probability of anindividual feature or system and the oracle score for the individual
recognition class. This loss-based weighted probability combination provides better probability combina-

tion performance than equally weighted probability combination algorithms.

Probability combination based on untied context-dependent phoneme HMM states: Probability
combination can operate on either the probabilities emerging from tied HMM states or untied states of con-
text-dependent phonemes. We described a new probability combination algorithm that combines directly
the probabilities of untied HMM states of context-dependent phonemes. This enables the HMMs in the
systems to be combined to be devel oped freely without the need for all systems to share acommon model
structure that isatied HMM across al systems. According to our experimental results, probability combi-
nation based on untied context-dependent phoneme-HMM states typically provides a relative decrease of
about 10 percent in WER compared to the direct combination of tied-HMM state probabilities.

Acoustic score normalization for improved probability combination: The probabilities or acoustic

scores of individual systems generally have different dynamic ranges. Properly normalization of these
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scores across systems generally improves the recognition accuracy of the combined system.

Parallel linear feature generation for optimal performance of the combined system: The ago-
rithms that generate optimal parallel linear features may be one of the most significant contributions of this
thesis. We describe a new feature generation algorithm that generates parallel features directly by maxi-
mizing the accumulated value of normalized acoustic likelihood that is obtained after probability combina-
tion across multiple systems. This transforms the process of generating parallel linear features into an
optimization of the linear transformation matrices according to the normalized acoustic likelihood crite-
rion. The exact features that are generated depend on the specific function that is used to combine them, so,
for example, a set of parallel features that maximizes performance under summation combination is likely
to be different from a similar set of parallel features that maximize performance under multiplication com-

bination.

Linear feature generation for optimal individual recognition performance: Our proposed parallel
linear feature generation process can also be reduced to the generation of single stream features for optimal
individual recognition performance. The process of generating a single-stream optimal feature set is very
similar to the process of generating parallel streams of linear features for optima combined performance,
with the major difference being the shift of the definition of “accumulated value of normalized acoustic
likelihood” from the combined system to theindividual system. This approach is capable of up to arelative

reduction of 15% in word error rate compared to the best-performing LDA or HLDA features.

7.3 Directions for futureresearch

While the algorithms devel oped in this thesis have been quite successful at improving the performance
of the combined system, there is still ample room for additional improvement. Additional research in the

following areas may have the potential to provide additional improvement.

We made two assumptions in generating linear features for the optimal probability combination or indi-
vidual recognition performance. The first was that the partitions of the training data in the original feature
space and the transformed feature spaces are the same, and the second was that the mixture coefficients of
individual Gaussian component in the HMM state observation probability distributions remain the samein

the transformed feature space. We needed these two assumptions to formulate the model parameters of the
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transformed feature to carry analysis and generate optimal linear features. But these two assumptions can
be relaxed with an iterative updating procedure. At each iteration, we can partition the training data and
estimate the mixture coefficients iteratively using transformation matrices generated from the previous
iteration. This iterative approach for generating new partitions and new mixture coefficients may improve
the quality of thefinal transformation matrices generated. Asthe iterative updating procedure proceeds, the
partition generated by the current transformation matrices should also change accordingly. It would be bet-
ter to change the training data partition iteratively rather than stick with the original partition. Of course, an
iterative procedure that generates new partitions and mixture coefficients would impose additional compu-

tational requirements, but these operations do not need to take place after every iteration.

While the use of accumulated normalized acoustic likelihood has been successful in this work, it still
may not be the optimal choice as the objective function because it is defined on the HMM state level, while
word error rate (the real objective) is defined at the word level. In principle, performance could be
improved if we can reduce the inconsistency between the stages at which we define the objective function
and at which we measure the recognition and combination performance. One of several possible directions
could be to use a“minimum phone error rate” (M PE) measure as the objective function. MPE is defined at
the phoneme level, which is one level closer to the word level than our current accumulated normalized
acoustic likelihood (at the state level), so the use of MPE as an objective function may lead to further

improvements.

In generating optimal transformation matrices for linear features, the initial values used in the gradient
ascent process do have an impact on the accuracy provided by the final sets of features. As experimental
results indicate, it would be better to start the gradient ascent from initial values which already provide
good accuracy than from random starting points. We currently use LDA and PCA matrices as the initial
points in generating parallel feature streams, but as the number of parallel feature streams that we want to
generate increases, the question of how to best select different sets of good initial points will become an
issue that needs to be addressed properly. One of possible solution might be to start from random varia-

tions of some good initial points such as the LDA and PCA matrices.

Our current lattice combination algorithm requires an extensive search to find qualified edges for merg-
ing and qualified nodes for creating new edges. This process is very computationally costly, especially

when the lattice is large. It would be valuable to develop a more efficient algorithm that searches for



7. Summary and Conclusions Page 116

matched edges that should be merged together and nodes that should be linked together.

Acoustic score normalization also plays an important role in the performance of the combined system.
As we saw from the lattice combination experiments, normalization is necessary for combination to be
successful. Although the specific form of the normalization function in our experiments does not have a
great impact on the performance on the combined system, the current procedure is far from optimal, and

better results are likely to be obtained with a more systematic approach to the problem.
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8. Appendix

The derivative of the likelihood of the class C in the transformed feature space AX with respect

to the transformation matrix A .

If we denote P(AX|C) asthelikelihood of class C in the transformed feature space, the transforma-
tion matrix as A , whosedimensionsare N (Before transformation) and M (after transformation) respec-

kth

tively. The individual component of matrix A at thek™ row and pth columnis ay D With the assumption of

Gaussian distributions with diagonal covariance matrix, we have:

M D2
P(AX[C) = ] L Zexp{—(—x—'ﬁ—-—‘rrz—lkz—} 8.1)
k=1 ZT[C‘k ch

where X', m', and o‘ﬁ are the transformed feature vector, mean and variance of the k component:

N
Xy = Z A pXp (8.2
p=1
N
m = Z ay oMy, (8.3)
p=1
N N
|2 —_— 2
O =1 |8 Y. & pOp, i (8.4)
i=1 p=1

Asindicated by Equation (8.4), the variance of the K component in the transformed feature space is

computed based on the entire components Gs, ;

i of the covariance matrix in the original feature space. This

implicitly requires that we compute the full covariance matrix in the original feature space; otherwise we

will be unable to formulate the new variance according to Equation (8.4). Also please note that

2 i » aswewill need this to formulate the derivative expression later.

O'~=O'p

p 1
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As described earlier, we compute the derivative of the log value of likelihood with respect to the trans-

formation matrix. The derivative will be computed for each component of the transformation matrix. We
first have the log likelihood expression formulated as:

(8.5)

M 2
X —m
LogP(AX|C) = Z [—(——k;zl‘l——%logo‘ﬁ—%loﬁn]
Ok
k=1

Its derivative with respect to the individual component (k, p) of the transformation matrix A, a, D then

become:
9| ogP(AX|C) = ZLog exp{ (X =) }- 1 o (emd® loga'?
oay |, om o2 20-5 2 aakp G'i 03y |
(86)

Please note that with the diagonal covariance matrix assumption, the K" row of the transformation
matrix will only affect the k"

component of the likelihood in the transformed feature space. So the deriva-

tives of other likelihood components with respect to a; pae 0

1 1 2
X', —m
The derivative of the first item -2 O M)

FEWn > then becomes:
kp Oy
N
1 1 I2 ' 1 2 2
, 2(X —m ) (X, —mp) 0’ — 2(X), — my) Z a 40 p.q
L(X‘k_ m|k) = — g=1 (8 7)
day 2 2,2 ‘
P O (0'%)
Note that the derivatives 5 B p aak D acX = Xp,

m =m
oW aa > agm p.and
P “PI

I—1

N
60k

93 ; =2 Z ay qo p,q from Equation (8.2) to Equation (8.4), and 0 = Gs,i .
q=1




8. Appendix

Similarly, we have the derivative of the second item
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2
9 loga'y to be:
Oak’p
N 2
2 Z ak’qo p. q

=1
aa Iogo‘i - 9 .
ak,p O"k

(8.8)

Incorporating Equation (8.7) and Equation (8.8) into Equation (8.6), we then have the complete form of

the derivative expression as:

0 - _
7, IOLogP(AX|C) =

_ N N
' \ I2 1 \ 2 2 2
(X — M) (Xg —My) 0’ — (X' —m'y) Z a 40 p.q Z a 40 p.q

g=1 q:]_
52 * 2
(o'y) Ok

(8.9)

where X, m', and o‘ﬁ are the transformed feature vector, mean, and variance as in Equation (8.2) to

Equation (8.4).
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