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ABSTRACT

Recently, multi-band automatic speech recognition (MBASR) has been pro-
posed by Bourlard et al. and Hermansky et al. to improve robustness under
noisy environment. It is motivated by the empirical findings by Harvey Fletcher
of Bell Labs from a thorough study of human speech recognition in which partial
speech recognition in sub-bands is believed to take place and then the sub-band
decisions are recombined to arrive at a global decision. They found that the

full-band error rate is empirically equal to the product of sub-band error rates.

xiv



This implies that human can recognize speech correctly if there exists a correct
sub-band recognition.

The MBASR framework proposed by Bourlard et al. and Hermansky et al.
is to divide the full frequency band into sub-bands and a speech recognizer is
built for each sub-band. During recognition, decisions from individual sub-band
recognizers are recombined at some phonetic or linguistic level.

In this thesis, we study MBASR by implementing the following features. First,
it can be used for continuous speech recognition. Second, it allows asynchronous
recombination of sub-band information at any modeling units. Third, sub-band
information are recombined in an optimal sense.

HMM composition framework is introduced as the back-bone in our multi-
band system to address the sub-band asynchrony issue. In addition, continuous
speech recognition can easily be realized under this framework. Using linear
recombination of sub-band log-likelihoods, string-based minimum classification
error criterion with competing strings derived from the N-best algorithm is em-
ployed to optimize the sub-band weightings using simulated noisy speech. Fi-
nally, the multi-band system is evaluated under various noisy environments. Our
experimental results suggested that our multi-band framework can achieve the
best sub-band performance at all evaluated noisy environments. With ideal end-
points, it maintains the same or better performance than a full-band system
at most evaluated noisy environments. With non-ideal end-points, it performs

slightly worse than a full-band system on real noises that we evaluated.
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Chapter 1

Introduction

1.1 Motivation: Why multi-band ASR?

Robustness under noisy environment is an important issue encountered in current
automatic speech recognition (ASR) system. ASR researchers all share a com-
mon dream: To build a speech recognizer whose performance approaches that of
humans. Although we cannot answer the question right now, there may be some
hints. The hint is first to better understand how humans process and recognize
speech. Then, we formulate a model which imitates speech processing in humans
in an attempt to attain the human performance. Is it possible to do that?
Between the years of 1918 and 1950, Harvey Fletcher and his colleagues stud-
ied human speech recognition (HSR) exhaustively at Bell Labs. During that
period, a series of listening experiments were carried out. In these experiments,
the input speech containing non-sense consonant-vowel-consonant (CVC) sylla-
bles were low-passed or high-passed at different signal-to-noise ratios. The reason
of using non-sense CVC syllables is to remove the contextual information to make
sure that listeners only based on what they heard to identify the syllables. The
reason of filtering the speech signal is to analyze the human intelligibility at
different low-pass and high-pass frequency bands. Allen et al. gave a detailed de-
scription on the HSR analysis [1]. The main highlight is the independent-channel

model of humans:



Sub-band 1

Sub-recognizer 1 local decision
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X, local decision
L Sub-recognizer 2 >
f
Figure 1.1: Typical multi-band approach.
e=ep*eg (1.1)

where e denotes the error rate of the full-band speech and, e;, and ey denote the
error rates with the low-pass and high-pass speech respectively. Moreover, this
equation holds for every value of the cutoff frequencies. It shows that the error
due to low-pass and high-pass filtering are independent. Allen interpreted it to
mean that humans listen to independent sets of phone features in each sub-band
and processing them independently, up to the point where they are recombined
optimally to produce the phone estimates. Another implication is that humans
can recognize speech correctly if either sub-bands can provide a correct answer.
Based on the understanding of HSR, Bourlard et al. and Hermansky et al.
proposed a multi-band automatic speech recognition (MBASR) approach which
tried to imitate the HSR process. Recently, this approach has been found useful
in improving robustness under noisy environment. In their approach, the full
frequency band is divided into sub-bands and a speech recognizer is built for each
sub-band. During recognition, decisions from individual sub-band recognizers
are recombined to arrive at a final decision at some phonetic/linguistic level.

Figure 1.1 depicts their multi-band approach.



State Transition Profiles

Sub-band 1 ------- .
Sub-band 2 =i=i=imi
Full-band

HMM State

PR N N N N N N
(o] 10 20 30 40 50 60 70 80
Time (frame)

Figure 1.2: Optimal state transition profiles for the word ”"one” in full-band,

sub-band 1 and sub-band 2.

1.2 What are the potentials of multi-band ASR?

Besides the support from psycho-acoustic evidences of HSR, we can see some of

engineering reasons supporting such approach:

1. In general, speech signals are not equally corrupted across frequency bands.
In some special cases, the noise may even be band-limited. Decisions
from the unreliable/noisy sub-bands can be de-emphasized and relatively
reliable/clean sub-bands emphasized during the recombination step. Pro-
vided that reliable sub-bands contain sufficient information, decoding of the
speech signal may not be severely impaired. In the appendix, spectrums
of a subset of noises extracted from the NOISEX-92 database are shown,
demonstrating that noises except the white noise have non-uniform distri-
bution across frequency. For the same speech signal, it can be corrupted
differently at different frequencies by different noises. In other words, there

may exist some sub-bands which are less affected by some noise types.

2. Under the full-band hidden Markov modeling (HMM) framework, transi-
tions of sub-band information are forced to be synchronized. However, sub-
band transitions can take place at different times as shown in Figure 1.2. On

the contrary, in multi-band approach, sub-band asynchrony can be allowed



which may result in more accurate modeling of the speech signal.

3. Different features and modeling architectures can be tailor-made to each
sub-band for more flexible and accurate modeling of speech events that
occur in each sub-band. For instance, under the HMM framework, the
number of states and the state transition architectures can be designed

specially for each sub-band.

1.3 What are the multi-band issues?

Three issues are commonly queried in designing a multi-band system:

1. Frequency partition issue

It is one of the most challenging issue in designing a good multi-band sys-
tem. It would become easier if we knew the distribution of noise across the
frequency spectrum beforehand! In reality, the optimal frequency partitions
changes according to different environments. Here, the parameters are the
total number of sub-bands and their frequency ranges. Although no defini-
tive conclusion can be drawn regarding their optimal settings currently,
some researchers determine them based on the human auditory system such

as the critical band and the mel frequency.

2. Recombination issues: How and Where?

Since the frequency is divided into sub-bands, the next question is the way of
recombining sub-band information to arrive at a global decision. Here, sub-
band information to be recombined can mean streams of acoustic features,

likelihoods, phoneme/word sequences or other possible forms.

The “how” question refers to devising an optimal criterion so that sub-band
streams are recombined optimally. The “where” question refers to at what
unit sub-band information are recombined such as the state/phoneme/syllable/word

unit.



3. Asynchrony Issue: When to recombine?

Researchers hypothesize that sub-bands may run asynchronously and there-
fore it may be advantageous to recombine sub-bands in this way. As shown
in Figure 1.2, transitions between states in sub-bands occur at different
times. Notice that asynchronous recombination is trivial if we only deal
with isolated word recognition task recombining at the word level since the
word boundaries are simply the beginning and ending time. In this case, it
is reduced to performing decoding individually for each sub-band and then
recombination for the whole utterance. However, asynchronous recombina-
tion will become a challenging issue in continuous speech recognition since
the decoded word boundaries of each sub-band usually differ. What we
need is a mechanism/algorithm such that sub-bands are synchronized at the
boundaries of some recombination unit but otherwise run asynchronously

within the unit.

1.4 Thesis Goal and Proposed Solutions

As titled, the goal of the thesis is to implement a multi-band speech recognition
system. I will spare most efforts in addressing the recombination issue and the
asynchrony issue.

I would like to highlight the system functionalities as follows:

1. Continuous speech recognition with asynchronous recombination

Continuous speech recognition is generally a basic requirement for research
or real-life application deployment. Moreover, the system should take ad-

vantage of the asynchronous recombination of sub-bands.

Any available framework?

The answer is YES. HMM composition framework, which will be discussed
in detail in later chapters, is proposed as the back-bone framework for

continuous speech recognition and asynchronous recombination. The idea



Figure 1.3: HMM composition of two 3-states left-to-right sub-band HMMs with

a maximum asynchrony limit of two states.

of the framework is to combine sub-band HMMs into a single composite
HMM whose states are created by considering all possible combinations of
sub-band states (See Figure 1.3). The characteristics of a composite HMM
is that first, word boundaries of each sub-band HMMs are synchronized au-
tomatically. Second, asynchronous transition of sub-band states is allowed
during decoding in the composite HMM state space. Since the compos-
ite HMM is also an HMM, continuous speech recognition can be readily

performed using traditional speech decoding algorithms.

Our preliminary results on the connected TIDIGITS corpus showed that
the way that transition probabilities are computed can affect performance
under the HMM composition framework. First, we found that the heuristic
of simply assuming uniform transition probabilities in the composite HMM,
which is a common practice in ANN/HMM hybrid systems, can cause degra-
dation in performance when asynchrony is allowed. Second, those values
are suggested to be either computed from their sub-band counter-parts or

re-trained using the EM algorithm.

2. Optimal recombination



Another feature is that sub-band information are recombined in an optimal

sense.
How?

By defining an optimization criterion together with a training algorithm,
sub-band information can be recombined “optimally”. In our preliminary
experiment, we studied various kinds of optimization criteria such as mini-
mum classification error (MCE), maximum mutual information (MMI) and
maximum likelihood (ML) with special constraint. Evaluated on the iso-
lated TIDIGITS corpus, we found that the reliability of sub-bands, repre-
sented by their weights, can be determined effectively using MCFE training

with simulated noisy speech instead of clean speech.

1.5 Thesis Outline

The thesis is outlined as follows:

1. Chapter 2: Issue I: How to recombine sub-bands?

In this chapter, various approaches of how to recombine sub-bands are re-
viewed in the section of related works. Several optimization criteria to find
the sub-band weightings were evaluated in the preliminary experiments.
Preliminary results showed that among the MCE, MMI and ML criteria,
MCFE turned out to be the most effective one. Another focus is to use

stmulated noisy speech during training in order to have good results.

2. Chapter 3: Issue II: When to recombine sub-bands?

In this chapter, various approaches of when to recombine sub-bands are
discussed in the section of related works. Various ways of computing the
transition probabilities of composite HMMs and the effect of different asyn-

chrony limits were investigated in the preliminary experiments.

3. Chapter 4: Development of an Asynchronous Multi-band System

for Continuous Speech Recognition

7



In this chapter, based on the preliminary results obtained in Chapter 2
and Chapter 3, we implemented an asynchronous multi-band system with
sub-band weights optimized using the string-based MCE criterion. The full-
band and multi-band systems were evaluated on various noisy environments

with ideal/non-ideal end-points.

. Chapter 6: Contributions and Future Work

In this chapter, we gave a summary of the contributions of the thesis towards
the ASR community and suggested possible future extensions of our multi-

band framework.



Chapter 2

Issue I: How to recombine

sub-band recognizers?

2.1 Introduction

The goal of this chapter is to investigate the methods of recombining sub-band
recognizers. Firstly, we will mention some current approaches in the section of
related works. Secondly, we will present different optimization criteria on linear
combination of sub-band log-likelihoods in the section of preliminary experiments.
The optimization criteria are minimum classification error (MCE), maximum
mutual information (MMI) and maximum likelihood (ML) with special constraint
on sub-band weights. Preliminary results showed that the MCE criterion turned
out to be the most effective. Moreover, it is found that it is crucial to use
simulated noisy speech instead of clean speech to perform the training since the

weights estimated from clean data are not optimal under noisy environments.

2.2 Related Works

In this section, we will investigate some current approaches of recombining sub-
bands. The likelihood recombination approach is a common approach explored by
researchers in recent years. This approach can be further divided into a linear

or non-linear recombination strategies. Other newly proposed approaches are



briefly described as well.

2.2.1 Likelihood Recombination Approach

This approach was proposed by Bourlard ef al. and Hermansky et al. To describe

their approach formally, we first define:

X as a full-band acoustic vector sequence.

W as an acoustic model (word or sentence)

X as the j-th segment of X

X ]’“ as the j-th segment of X corresponding to the k-th sub-band
W, as a model associated with X

Wf as a model associated with X Jk

K as the total number of sub-bands
Then, the log-likelihood of X given W is:
J
logP(X|W) = mazw, Y _ logP(X;|W;) (2.1)
j=1
For each segment, the statistical recombination of the sub-bands is performed.

Two recombination approaches are common:

1. Linear recombination

Linear recombination simply means a weighted sum of sub-band log-likelihoods

given the same segment of speech signal. Mathematically,

K
logP(X;|W;) = > wy logP(XF|WF) (2.2)
k=1

where wy is the log-likelihood weighting for the k-th sub-band. It can be
treated as a reliability measure; More reliable sub-bands deserve larger

weights.

10



2. Non-Linear recombination

Multiple layer perceptron (MLP) is commonly used to recombine sub-band

log-likelihoods. We will discuss this approach more in the next section.

Linear Recombination Strategies

Based on the above multi-band paradigm, several recombination strategies have

been tried to estimate the sub-band weights {wy}.

1. Equal weighting, accuracy weighting and SNR weighting

Equal weighting scheme is one of the simplest approach to weigh the relia-
bility of sub-bands. Accuracy weighting scheme is based on the normalized
sub-bands’ accuracies. SNR weighting scheme uses the normalized sub-
band SNRs which are automatically estimated. These weighting schemes
were tried by Hermansky et al. [2] and Okawa et al. [3]. Using these sim-
ple recombination schemes, Okawa et al. showed a significant improvement,
over the full-band recognizer when the first band was corrupted by an addi-
tive low-pass white noise. State-level recombination was performed in their

experiments.

2. Conditional entropy weighting and mutual information weighting

This scheme is inspired by the information theory and tried by Okawa et
al. [3]. Mathematically, the conditional entropy of the whole state space

given a sub-band observation vector is:

H(S|zg) = = p(sjlai)log(p(s;lar)) (2.3)

p(zf|s;))

55 p(atls) (24)

and p(sj|:rf) N

where S denotes the whole state space, s; € S and z¥ is the observation
vector at time t in sub-band k. Since entropy measures uncertainty, sub-

band weights are suggested to be inversely proportional to sub-band entropy
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and then normalized to sum up to K. Recombination was performed at the

state level.

An extension of conditional entropy weighting is the mutual information
weighting proposed by Okawa et al. [4]. Intuitively, sub-band with higher
capability in reducing the state entropy after receiving an observation se-
quence should deserve more weight. Recombination was performed at the

state level. Mathematically,

T 5
H(S|IX®) = =323 p(sj a7)log(p(s;|zy)) (2.5)

t g
H(S) = = pls;)log(p(sy)) (26)

j
I(S; X% = H(S)— H(S|XF) (2.7)
I(S; X*)

= K—7—+~ 2.8
= KSrrs .
where X* = {z% ... 2%} is the observation sequence of sub-band k and K

1s a constant.

3. Minimum classification error (MCE) training

Unlike the above schemes, sub-band weights are “optimized” based on the
MCE criterion which was applied by Cerisara et al. [5]. Besides, this crite-
rion had been applied before in finding stream weights in the audio-visual
speech recognition problem by Potamianos et al. [6]. In MCE training, a
misclassification measure is defined and a sigmoid function is applied to
evaluate the “soft” error. Mathematically, the expected misclassification

error is given by:

Ezxpected Error = FEx|[Sigmoid(d(X))] (2.9)

1/n
1
where d(X) = log{M — > egm(X)”} —g;(X) (2.10)

m#j

. . 1

M denotes total number of models, and ¢;(X) is usually the log likelihood
of X given the j-th model W;, i.e. log P(X|W;).
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Sigmoid(d)

d(X) measures how “far” the correct model j is from its “overall” competing
model denoted by the first term of d(X). n is the parameter to control the
participation of all competing models. When 7 tends to infinity, we can see
that the resulting “overall” model is simply the log likelihood of the best

model among all competitors.

Shape of the Sigmoid Function Position of the Sigmoid Function

07 ;" gamma=03 —] 4 07
i g
06

05

Sigmoid(d)

04

03

02

01f

(a) Change in shape as  changes. (b) Change in position as 6§ changes

Figure 2.1: Sigmoid function

The sigmoid function contains two parameters namely v and 6. v controls
the shape of the sigmoid function while # determines its position along the
horizontal axis. Figure 2.1 illustrates the change in shape and position of
the sigmoid function as the value of the parameters changes. Notice that
the shape and position of the sigmoid function affect the efficiency and
effectiveness of MCE training. If we make its slope too steep or position
too far away from the population of d(X), the number of training sample
involved will be very small. On the other hand, if the slope is too flat, MCE
training will be very slow. Regarding the settings of parameters, Liu et al.
has a detailed explanation of how to choose them appropriately on speaker

recognition [7].

After defining the misclassification measure and the sigmoid function prop-

erly, the expected misclassification error is minimized by the gradient de-
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scent procedure.

Cerisara et al. reported that recognizers with sub-band weights trained on
clean speech worked even worse than the simple constant weighting scheme
at a very low SNR (< -10dB) [5]. They pointed out that sub-band weights
should have been trained using noisy speech to achieve a better recognition

rate.

Non-linear Recombination Strategy

Some researchers believed that non-linear recombination of sub-band information
occurred in humans. Since MLP can model any non-linear functions theoretically,
it has been applied in the sub-band recombination issue [8, 9, 2, 5]. Basically,
the MLP contains an input layer, one or more hidden layer(s) and an output
layer. Suppose the recognition task contains M word models and the system
contains K sub-bands which are recombined at the word level using MLP. Then,
the input layer contains M * K inputs and the output layer contains M outputs.
Notice that MLP training is actually a kind of discriminative training. As pointed
out by Cerisara et al., MCE criterion can be simulated using the classical back-
propagation algorithm to train the MLP [10].

One issue worth noticing is that since MLP only delivers posterior proba-
bilities rather than likelihood, a conversion is required to fit into the likelihood

framework.

2.2.2 Other Recombination Approaches

Hermansky et al. investigated all possible sub-band combinations using MLP
merging on a system with seven sub-bands [8]. There are totally 27 — 1 = 127
possible sub-band combinations. Their result showed that there exists at least one
sub-band combination which can yield a very good result in the presence of strong
tone noise. Majority vote was used to combine decisions from the individual sub-
band combinations. One important issue in their experiment is that it is necessary

to train the MLP corresponding to a sub-band combination individually and this
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procedure is quite time-consuming. Recently, Multi-Gaussian HMM (MGM) has
been proposed by Hagen et al. to replace the MLP in the full combination of
sub-bands [11]. The highlight is that sub-band MGM can be derived from a single
full-band MGM using marginalization from the missing data theory [12].

One disadvantage of the likelihood recombination comes from the assumption
of sub-band independence. The feature recombination approach (FC) was pro-
posed by Okawa et al. to address this issue [3]. The idea is that the sub-band
acoustic vectors are recombined in juxtaposition before model estimation. This
approach simplifies the recombination issue and the correlation among sub-bands
can be modeled.

Cerisara et al. proposed an algorithm to recombine phoneme sequences pro-
posed by individual sub-bands into a global phoneme sequence [13]. However,
the algorithm detail is not clearly presented.

An approach called a probabilistic graphical model(PGM) has been proposed
by Daoudi et al. [14]. Basically, it uses the Bayesian networks for modeling the
multi-band PGM and utilizes the associated computational algorithms to perform
efficient learning and recognition. In the directed PGM framework (DPGM),
interaction between sub-bands can be modeled by adding transitions between
nodes belonging to different sub-bands. Another feature is that it does not require
a recombination step which is generally necessary in the common multi-band
approach.

An approach called a probabilistic union model has been proposed by Ming
et al. [15]. The idea is to model the sub-band features using an “OR” operator
instead of a common “AND” operator. The union model characterizes the ran-
domness of the sub-band corruption based on the union of random events and is
claimed to offer robustness to partial frequency corruption, requiring little or no

knowledge about the noise characteristics.
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2.3 Preliminary Experiments

2.3.1 Motivation

The aim of the experiments is to investigate the commonly used optimization
criteria for training sub-band weights using simulated noisy speech under the lin-
ear recombination framework. The criteria are the minimum classification error
(MCE), mazimum mutual information (MMI) and mazimum likelihood (ML) with
special constraint on sub-band weights. The advantage of the linear recombina-
tion framework is that it is simple to implement. The reason of using simulated
noisy speech is because the weights estimated from clean speech are not optimal

under noisy environments.

2.3.2 Methods

In this section, we will formulate the MCE, MMI and ML approaches of estimating

the sub-band weights.

Minimum Classification Error Estimation of Linear Sub-band Weights

For simplicity, we will only show estimation formulas in which sub-band weights
depend only on the sub-band and not on the model nor the state; the latter
can easily be derived in a similar fashion. Model-independent sub-band weights
are more interesting because in most practical scenarios, the sub-band weights
have to be determined online using very few adaptation data, and model- or
state-dependent sub-band weights may not be estimated reliably.

Suppose we have a K-sub-band isolated-word recognition system with a vo-
cabulary of M words. The probability of an utterance X;, i = 1,2,..., N, be-

longing to the class C; with sub-band models A, kK =1,2,..., K, is given by

K
P(X;|C;) = T P(Xi|Mjk) (2.12)
k=1
K
where 0<w, <land) wy=1 (2.13)
k=1
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assuming sub-band independence. We will denote P(X;|C;) by P,; and P(X;|\x)

by Piji, and their log-likelihoods by L;; and L;j;;, respectively. Thus, we have

K
Py = Il Pu™* (2.14)
k=1
K
and, LZ] = Zkaijk. (215)

The misclassification measure d(X;) is then given by the log-likelihood difference

between the mean likelihood of all competing words and the likelihood of X;. i.e.

d(X;) = log{ Ly, } —L;j . (2.16)

m#]
The misclassification measure is smoothed using the sigmoid function, I(d) =
1/{1+exp(—yd+0)}, to obtain the empirical loss function, Ryce = ¢ ; {(d(X;))
where U denotes the total number of training utterances.

To ensure positivity of wy mentioned in Eqn.(2.13) throughout the optimiza-

tion process, we need to perform parameter transformation which has the follow-

ing property:
e (2.17)
Wy = —e———— .
* Zszl ek

where @y, is the transformed weight of sub-band k.
Notice that Eqn.(2.17) defines the mapping of @y — wy and the optimization
problem in the transformed parameter domain is unconstrained, iff wy # 0, 1.

We also require the mapping of wy — @y initially. We choose:
W = log(wg) (2.18)

such that Eqn.(2.17) is satisfied. The equation also implies that wy, # 0, 1 initially.

Taking derivative with respect to the k-th sub-band weight, wy, we have

0 _ﬁzadz aw,, 8wk (2.19)
ol
where % = YI(d(X;))[1 — 1(d(X;))] and (2.20)
ow )
8—52 = we(l—w) if b=k and (2.21)
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8(,0(,

% = —WrWp if b?ék and (222)
k
oL; OL;;
M ' im ij
pd(x) _ e P Lin) (50"~ 50 593
k m#j exp( zm)
where 861;3:: = Limk (2.24)

Starting from an initial guess of wy where 0 < wy < 1 and transforming it
to wy using Eqn.(2.18), we may use a gradient-descent algorithm to get a better
estimate of the sub-band weight for the (¢+1)-th iteration from its estimate from

the ¢-th iteration:

aRmce
mmn:mm_Q(EiJ (2.25)

where ¢, is the learning rate at the ¢-th iteration.
Finally, @y, is transformed back to wy using Eqn.(2.17) after the gradient-

descent procedure completes.

Maximum Mutual Information and Maximum Likelihood Estimation

of Linear Sub-band Weights

One may also estimate the sub-band weights by other means. In the following,

we will briefly discuss two common methods.

MMI Estimation
The mutual information between an utterance X; and all the models A =

{A1, A2, ..., An} is defined as
1 M
I(X;;A) ~ Ljj—log (M > exp(Lim)> (2.26)
m=1
assuming equal priors for all the M words. Thus, the MMI criterion is

ORmmi S M exp(Lim)(Lijk — Limk)
Owy, - >M_exp(Liy)

(2.28)

and the optimal weights may be found by a gradient-descent algorithm as

in MCE training.
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Notice that the estimation formulas, Eqn.(2.28) and Eqn.(2.19) for MMI
and MCE training are very similar. The main difference is the additional
term % due to the smoothing of the log-likelihood difference by the sigmoid

function.

ML Estimation
In principle, the sub-band weights cannot be determined analytically by
the maximum-likelihood method, since it will simply give all weights to the
sub-band with the highest probability if we assume ZkKZI wg = 1. However,
if one is willing to impose certain constraints on the weights, then ML esti-
mation of sub-band weights is plausible. For example, in [16], J. Hernando

suggested constraints in the form
K
w=1, n>1. (2.29)
k=1

The solution to this constrained ML criterion is

wy, = (2 Lije) ™ . (2.30)

(i (5 Lz‘jm)%)%

The main drawback of the method is that the constraint on sub-band
weights is not well justified, and is imposed in an ad hoc manner. In the

following experiments, we will choose n = 2.

2.3.3 Setup
Performance Metric

Since it is an isolated word recognition task, we used the word accuracy to com-
pare the full-band and multi-band systems.

The accuracy is defined as:

H
Accuracy = ~* 100% (2.31)
Word Error Rate = 100% — Accuracy (2.32)

where H is the number of hits and N is the number of words.
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Training and Evaluation Corpus

We chose the isolated TIDIGITS corpus [17] to train and evaluate our system.
The training set contained 55 male speakers while the test set contained another
56 male speakers.

Signal Processing Frontend

e Analysis window size: 15ms
e Frame rate: 100Hz
e Full-band acoustic vector: 12 MFCC + Energy

e Sub-band acoustic vector: 6 MFCC + Energy per sub-band

The number of MFCCs in our multi-band system and the full-band system
was the same to maintain a reasonable comparison between them.

Frequency Partition
We used the critical band scale to partition the frequency into sub-bands each of

which has equal number of critical bands. A two-band system was investigated.

1. Full-band: 100 — 4400Hz
2. First sub-band: 100 — 1080Hz

3. Second sub-band: 1000 — 4400Hz

HMM Architecture

In this simple recognition task, it is reasonable to constrain all full-band and
sub-band HMMs to be strictly left-to-right, whole-word models having six states

and four Gaussian mixtures per state.

Training Condition

All the full-band and sub-band HMMs were trained with clean speech using the

EM algorithm.
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Preparation of Simulated Noisy Speech

Noisy speech were created for training the sub-band weights from one-fifth of the
training data of about 48 seconds — randomly picked. Since only one sub-band
weight parameter was estimated, we thought that a small adaptation set may be

adequate although this was not the main focus in this experiment.

Sub-band Recombination

Sub-band decoding was done individually and their log-likelihoods were recom-

bined linearly at the word level.

2.3.4 Procedure

590Hz tone noise, white, m109 and babble noises were chosen for evaluation.
SNRs from 20db down to 0db with a step size of bdb were evaluated for each

noise type. The procedure is:
1. Train the full-band and sub-band models using clean speech.

2. For each noise type and SNR:

e Prepare the simulated noisy training and testing sets.
e Train the sub-band weights using the MCE, MMI and ML criteria.

e Evaluate the full-band, individual sub-bands and the multi-band sys-
tems with sub-band weights derived from the MCE, MMI, ML and

uniform weighting criteria.

2.3.5 Results

e Experiment I: Tone at 590Hz

We first checked when only the first sub-band was corrupted by a band-
limited noise — a tone of 590Hz. Multi-band recognizers combined sub-
band word likelihoods linearly before final decisions were made. The result

is shown in Figure 2.2.
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590Hz Tone
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Word Error Rate (%)
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Figure 2.2: Recognition results with 590Hz tone: FB = full-band, B1 = sub-
band 1 only, B2 = sub-band 2 only, MCE-WL = word-level recombination
with MCE-derived weights, MMI-WL = word-level recombination with MMI-
derived weights, ML-WL = word-level recombination with ML-derived weights

(n=2), 1:1-WL = word-level recombination with equal weights.

Since only the first sub-band is corrupted, the second sub-band maintains
good performance under all SNRs while the full-band recognizer’s accuracy
degrades with lower SNR. Among the multi-band recognizers, performance
is poor when their sub-band weights are set equal or derived by ML training,
while MCE/MMI-derived weights give the highest accuracy. When we look
at the sub-band weights found by the various methods in Table 2.1, MCE
training is more effective than the others by gradually moving more weights

from the first sub-band to the second sub-band as the SNR, decreases.

The results serve as a theoretical upper bound on how good multi-band

recognition can be under band-limited noises.
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Table 2.1: Changes in weight of the first sub-band as SNR decreases using 590Hz

tone noise. ML? means n = 2 according to Eqn.(2.29)

Weights | 0dB | 5dB | 10dB | 15dB | 20dB | 30dB

MCE | 0.159 | 0.143 | 0.138 | 0.167 | 0.200 | 0.487

MMI | 0.210 | 0.212 | 0.137 | 0.123 | 0.119 | 0.500

ML? | 0.610 | 0.626 | 0.630 | 0.626 | 0.610 | 0.441

e Experiment IT: NOISEX-92

In reality, noises often spread over a wide spectrum. We performed a set of
experiments with three types of noises from the NOISEX-92 database [18]:
white, m109, and babble noise. White noise and babble noise are chosen
because they are often encountered in real life, and m109 noise represents

a more characteristic noise.

babble noise
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Figure 2.3: Recognition results with babble noise.
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m109 noise

0 T T T

60 |

MMI-WL --EJ--

ML-WL --&--
MCE-WL --A--

L1-WL --6-
FB-clean ——
Bl-clean --+--
B2-clean --X--

SNR (dB)

Figure 2.4: Recognition results with m109 noise.
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Figure 2.5: Recognition results with white noise.

24




2.3.6 Discussion

We have the following observations from the results shown in Figure 2.5-2.3.

e Performance of the full-band recognizer drops drastically once the SNR falls

below 15db.

e When the individual sub-band recognizers have similar performance, all rec-
ognizers, full-band or multi-band with weights trained by different methods,

have similar accuracies.

e However, when the performance of the two sub-band recognizers diverges,
the acclaimed advantage of multi-band recognizers sets in if the sub-band
weights are trained with MMI or MCE: they effectively weigh the two bands
to emphasize more on the more reliable band; and their performance is at

least as good as that of the best sub-band recognizer.

e Sub-band weights derived from MMI or MCE training result in similar

performance; MCE-trained weights give just slightly better performance.

2.3.7 Conclusion

Our experiments show that sub-band weights derived from MCE or MMI training
can effectively emphasize the more reliable sub-bands. Subsequent multi-band
speech recognition by linear recombination of sub-band likelihoods at word level
reduces word-error-rate (WER) by 17.9% on average over the full-band recognizer
trained with clean speech.

Using simulated noisy speech to estimate sub-band weights is essential because
the weights estimated using clean speech are not optimal under noisy environ-
ments.

In this preliminary investigation, our multi-band framework addresses the
recombination issue and the asynchrony issue on isolated word recognition. Re-
garding the recombination issue, sub-band weights are derived using the MCE

criterion with clearly defined word competitors. Regarding the asynchrony issue,
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since the word boundaries are clearly defined, sub-band asynchrony can be easily
achieved by subsequent sub-band decoding. However, problems will arise when
we extend our multi-band framework to continuous speech recognition (CSR) due

to the following reasons:

1. In CSR, the recognition outputs are usually sentences. Therefore, during
the MCE training on sub-band weights, we may require sentence competi-

tors. How to obtain the appropriate sentence competitors in CSR?

2. In CSR, word boundaries are not well defined. Therefore, it may not be

trivial to allow asynchrony. How to address the sub-band asynchrony issue

in CSR?

We will present our approaches of addressing these problems in the next two

chapters.
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Chapter 3

Issue II: When to recombine

sub-bands?

3.1 Introduction

The goal of this chapter is to investigate the sub-band asynchrony issue. Firstly,
we will mention current approaches in the section of related works. Then, in the
preliminary experiments, we argued that allowing asynchrony among sub-bands
should improve the system performance compared with the synchronous case.
Preliminary results suggested that allowing a maximum asynchrony of one state
in a multi-band system improves recognition performance on both clean speech

and additive white noise at 10db.

3.2 Related Works

Researchers have hypothesized that sub-band transitions occur asynchronously
and therefore it may be advantageous to perform asynchronous recombination of
sub-bands. Mirghafori et al. performed some analysis based on transition lags
among sub-bands relative to full-band. Their results suggested that sub-band
transits asynchronously [19].

To incorporate asynchrony, Mirghafori et al. applied the HMM composition
method in which sub-band HMMs are combined to form composite HMMs [19].
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A maximum asynchrony limit constraint was imposed to investigate its effect on
recognition performance and to alleviate the state-explosion issue. An alternative
method using two-level dynamic programming was also explored. However, both
methods showed performance degradation on both clean and reverberant speech.

Cerisara et al. proposed an efficient adaptation of the two-level DP algorithm
and the level-building algorithm to incorporate asynchrony in their multi-band
system [20]. Although they did not compare the asynchronous multi-band system
with the synchronous system directly, they showed that 27%-44% of sub-band
frames were asynchronous according to the sub-band alignments.

Matsuda et al. proposed an asynchronous-transition HMM (AT-HMM) [21].
The motivation is that the trajectories of the individual features may not be
synchronous. Different from the conventional HMM training, a scalar HMM is
trained for each feature dimension. Then, the states in the scalar HMMs are

binned into an N-state HMM based on:

1
state transition probability”

E|[state duration| = (3.1)

The resulting AT-HMMs are re-trained. This method may also be applied in
sub-band asynchrony issue.

Recently, Nock et al. and Young et al. has proposed a method called loosely
coupled HMMs [22] to capture the asynchrony of different data streams. It gen-
eralizes standard HMMs and the composite HMMs and can derive other HMM
types based on the definition of coupling matrices for the transition probabili-
ties and the observation probabilities. One major problem encountered is the

explosion of parameters if the HMMs are highly coupled.

28



3.3 Preliminary Experiments

3.3.1 Motivation — Should asynchrony be helpful or NOT?

Although theoretically, an asynchronous multi-band system should perform at
least as well as a synchronous system, since if synchrony is really preferred, an
asynchronous system may simply fall back to the synchronous mode. However,
the opposite is empirically found in [23]. In this chapter, we study the effect of
transition probabilities on the asynchronous recombination of sub-band HMMs.
We first notice that, in practice, transition probabilities of full-band systems
are obtained either from Baum-Welch training [24] or by simply setting them
uniformly to the reciprocal of the number of outgoing arcs of a state. The latter
case is commonly used in hybrid ANN/HMM systems. The main justifications

are:

1. the exponential duration model implicitly implied for an HMM is not cor-

rect;
2. empirically, many people did not find them helpful anyway; and

3. the dynamic range of transition probabilities are much smaller than that of

observation probabilities.

Thus, in our study, we will investigate both ways of setting the transition
probabilities. To avoid explosion of the state space in HMM composition, only
two-band systems were studied. We also followed the procedure in [23] and var-
ied the maximum degree of asynchrony (in terms of number of states) in each
experiment to investigate “how” asynchronous the multi-band system should be

under this framework.

3.3.2 Method - HMM Composition Algorithm

HMM composition algorithm is similar to Parallel Model Combination (PMC) [25].

PMC is originally applied to noise compensation where a clean speech model is

29



combined with a noise model to simulate a “noisy” speech model. Mirghafori et
al. applied the algorithm to multi-band ASR [23] in which sub-band HMMs are
recombined in a similar manner to form a composite HMM so as to allow asyn-
chronous state transitions of the various sub-bands. For the sake of completeness,

we briefly describe the algorithm below.

Figure 3.1: HMM composition of two 3-state left-to-right sub-band HMMs with

a maximum asynchrony limit of two states.

To illustrate the idea, HMM composition is applied to a two-band system
consisting of two 3-state left-to-right sub-band HMMs as shown in Figure 3.1,
allowing a maximum asynchrony of two states. In this case, the composite HMM
can have 32 = 9 “composite states”, (7,7), 1 < 1,7 < 3, where state ¢ of the
first sub-band HMM recombines with state j of the second sub-band HMM. For
instance, at the composite state (3, 1), the third state of the first sub-band HMM
recombines with the first state of the second sub-band HMM. In the composite
HMM, there are two kinds of composite states: synchronous or asynchronous
states. If all HMMs are strictly left-to-right with the same number of states
which are numbered successively from left to right, then a synchronous state has
the form (7,7) and an asynchronous state is represented by (i,7),7 # j. Notice

that sub-bands are automatically synchronized at the beginning and ending states
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# Sub-bands | Maximum asynchrony limits | # States | # Transitions
1 0 3 5
2 0 3 5

1 7 19

2 9 25
3 0 3 5
3 1 15 65
3 2 27 125
4 0 3 5
4 1 31 211
4 2 81 625

Table 3.1: Total number of states N and transitions M for various numbers of

sub-bands and maximum asynchrony limits L.

but asynchronous paths inside the composite model are allowed during decoding.

In general, for a K-band system, we denote the log likelihood of a composite
state (i1,...,79k) as L;,...i,) and the log likelihood of state i), in sub-band k as L, .
In this thesis, the log likelihood of each composite state is a linear combination

of the log likelihoods of the corresponding sub-band states:

K
L(il,...,iK) = ZkaZk ) (32)
k=1

where wy, denotes the weighting of sub-band £ satisfying the constraint

The transition probabilities of a composite HMM can be computed as follows:

K
Hk:l aik,jk

Yirirertini) © 5 g
SES Y(iq,.nig),s

(3.4)

where a, is the transition probability from state 7, to state j, in sub-band &

Ik
and S is the set of states that (iy,...,ix) transits to.
It is obvious that as the number of sub-bands and the degree of asynchrony

increase, the number of states and transition arcs in a composite HMM increases
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drastically as shown in Table 3.1, requiring more computation during decoding.
To alleviate the problem, one may impose a maximum asynchrony limit. For
example, with a limit L, composite states (i1, ...,%ix) that satisfy the following

condition are pruned:

max{i,...,ix} — min{iy,...,ig} > L (3.5)

3.3.3 Setup
Performance Metric

We used the word accuracy to compare the full-band and multi-band systems.

The accuracy is defined as:

H-1
Accuracy = o * 100% (3.6)

Word Error Rate = 100% — Accuracy (3.7)

where H is the number of hits, I is the number of insertions and N is the number

of words.

Training and Evaluation Corpus

We chose the connected TIDIGITS corpus [17] to train and evaluate our system

for the following reasons:

1. It is a speaker independent database.

2. No language model is required. Therefore, any benefit due to multi-band
techniques will be shown clearly and not shadowed by the effect of language

models.

3. It is a small vocabulary task. Since it is simple, we can concentrate more on
the multi-band issues. Moreover, the explosion of state space will not be too
severe when we explore different asynchrony levels. Therefore, experiments

can be carried out in a more manageable amount of time.
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To save the computation time in this preliminary study, we only used the
male training and testing sets containing 4235 and 4311 digit strings re-
spectively.
Signal Processing Frontend
We had the following digital signal processing settings:
e Analysis window size: 20ms
e Frame rate: 100Hz

e Full-band acoustic vector: 12 MFCC + Energy + Delta + Acceleration

e Sub-band acoustic vector: 6 MFCC + Energy + Delta + Acceleration per
sub-band

Again, the number of MFCCs in our multi-band system and full-band system
were similar to maintain a reasonable comparison between them.

Frequency Partition
As explained in previous chapters, we use the critical band scale to partition the
frequency into sub-bands, each of which has an equal number of critical bands.

A two-band system is investigated.
1. Full-band: 100 — 4400Hz
2. First sub-band: 100 — 1080Hz

3. Second sub-band: 1000 — 4400Hz

HMM Architecture

On a simple recognition task, it is reasonable to constrain all full-band and sub-
band HMMs to be strictly left-to-right, whole-word models having six states and

four Gaussian mixtures per state.

Training Condition
All full-band and sub-band HMMs were trained with clean speech.
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Sub-band Recombination

In this setup, the whole-digit (word) composite HMMs were created. Sub-band
log-likelihoods were recombined linearly with equal sub-band weights at the state

level.

3.3.4 Procedure
1. Train the full-band and sub-band recognizers using clean speech.

2. Create composite HMMs with a maximum asynchrony limit (L), 0 < L <5
(L = 0 and L = 5 refer to a forced synchronous system and a fully-
asynchronous system respectively). In all cases, the sub-band state ob-
servation pdf’s were not modified during the HMM composition. There are

four possible cases in this step:

e Experiment I: Compute transition probabilities of composite HMMs

using their sub-band counterparts which were set uniformly.

e Experiment II: Re-train transition probabilities of composite HMMs

starting from the settings of Experiment I.

e Experiment III: Compute transition probabilities of composite HMMs
using their sub-band counterparts which were trained by Baum-Welch

algorithm.

e Experiment IV: Re-train transition probabilities of composite HMMs

starting from the settings of Experiment III.

3. Evaluate the multi-band systems with the four cases above and all possible

asynchrony limits on clean speech and white noise at 10db.

3.3.5 Results
Full-band Results

Full-band HMMs were first trained using the clean training data. It gave a word

error rate of 3.01% on the clean test set and 15.6% on the noisy test set with
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additive white noise of 10db.

Experiment I & 1I: HMM Composition Using Sub-bands with Uniform

Transition Probabilities

Maximum Asynchrony Limit (L)

(Uniform Sub-band a;; Prior to Composition)

How a;; Are Set in the Composite HMMs?

Computed (Uniform) Re-trained
0 (Sync) 2.55 2.56
1 2.27 (-11.0%) 2.03 (-20.7%)
2 2.90 (+13.7%) 2.39 (-6.64%)
3 2.87 (+12.5%) 2.37 (-7.42%)
4 2.92 (+14.5%) 2.37 (-7.42%)
5 (Fully Async) 2.95 (+15.7%) 2.37 (-7.42%)

Table 3.2: Experiment I: % Word error rates on clean speech. The percentages

in bracket are error reductions relative to forced synchrony (L = 0).

From the results tabulated in Table 3.2 and 3.3, we found that

e It is beneficial to re-train transition probabilities after HMM composition in

multi-band recognition system. The performance with re-trained transitions

are always better than that with uniform transitions.

e In most cases, and certainly in the case with re-trained transition prob-

abilities, asynchronous recombination of sub-bands produces much better

recognition.

e In all cases, limiting asynchrony to a maximum of one state gives the best

results — about 20% reduction in word error rate (WER) over synchronous

recombination of sub-bands.
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(Uniform Sub-band a;; Prior to Composition)
Maximum Asynchrony Limit (L) | How a;; Are Set in the Composite HMMs?
Computed (Uniform) Re-trained
0 (Sync) 16.24 14.34
1 13.12 (-19.2%) 11.41 (-20.4%)
2 13.74 (-15.4%) 11.67 (-18.6%)
3 13.75 (-15.3%) 11.68 (-18.5%)
4 13.77 (-15.2%) 11.71 (-18.3%)
5 (Fully Async) 13.76 (-15.3%) 11.68 (-18.5%)

Table 3.3: Experiment II: % Word error rates on noisy speech with 10db additive
white noise. The percentages in bracket are error reductions relative to forced

synchrony (L = 0).

Experiment ITT & I'V: HMM Composition Using Sub-bands with Trained

Transition Probabilities

The results were tabulated in Table 3.4 and Table 3.5. The following points are

worth noting:

e Comparing Table 3.2 and 3.4, and Table 3.3 and 3.5, we notice that com-
posite HMMs generated from sub-band models wherein transition proba-
bilities are Baum-Welch trained outperform their counterparts generated
from sub-band models with uniform transition probabilities, resulting in an

error reduction of about 20%.

e Starting from sub-band models with Baum-Welch trained transitions, the
performance gap between HMM composition with computed and re-trained
transition probabilities is now small, though the latter method is still always

better.

e Another main difference from Experiment I & II is that now asynchrony

of more than one state does not help anymore — quite to the opposite, it
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(Trained Sub-band a;; Prior to Composition)
Maximum Asynchrony Limit (L) | How a;; Are Set in the Composite HMMs?
Computed Re-trained
0 (Sync) 2.01 2.10
1 1.84 (-8.46%) 1.81 (-13.8%)
2 2.45 (+21.9%) 2.36 (+12.4%)
3 2.44 (+21.4%) 2.37 (+12.9%)
4 2.45 (+21.9%) 2.37 (+12.9%)
5 (Fully Async) 2.45 (+21.9%) 2.37 (+12.9%)

Table 3.4: Experiment III: % Word error rates on clean speech. The percentages

in bracket are error reductions relative to forced synchrony (L = 0).

hurts performance.

e Nevertheless, limiting a maximum asynchrony to one state continue to give
significant gain in performance: 13.8% in clean speech and 15.2% in noisy

speech with 10db white noise.

3.3.6 Discussion and Conclusion

HMM composition is an effective way to implement asynchronous recombination
of sub-bands in multi-band ASR. Our best results show that HMM composition
reduces word error error on connected TI digits from full-band’s 3.01% to 2.01%
(relatively 33.2%) in synchronous recombination of sub-bands, and further to
1.81% (relatively 39.9%) in the best asynchronous recombination of sub-bands
for clean speech. The figures are 15.6%, 11.1% (relatively 28.8%), and 9.41%
(relatively 39.7%) respectively for noisy speech with additive white noise of 10db.

Two factors seem to be important for HMM composition to be effective:

(1) The transition probabilities of the sub-band HMMs should be trained by

the Baum-Welch algorithm. The common heuristics of simply setting them
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Maximum Asynchrony Limit (L)

(Trained Sub-band a;; Prior to Composition)

How a;; Are Set in the Composite HMMs?

11.40 (+1.88%

11.20 (+0.90%

Computed Re-trained
0 (Sync) 11.19 11.10
1 9.48 (-15.3%) 9.41 (-15.2%)
2 11.34 (+1.34%) 11.20 (+0.90%)
3 11.36 (+1.52%) 11.21 (+0.99%)
4 11.40 (+1.88%) 11.20 (+0.90%)
( ) ( )

5 (Fully Async)

Table 3.5: Experiment IV: % Word error rates on noisy speech with 10db additive
white noise. The percentages in bracket are error reductions relative to forced

synchrony (L = 0).

equal among the outgoing arcs gives inferior results.

(2) Asynchronous recombination with a maximum asynchrony limit of one state

helps.

The two factors together make sense: uniformly setting the transition proba-
bilities unnecessarily imposes the same and probably wrong duration model on
the corresponding states of various sub-bands. By examining the trained tran-
sition probabilities of the two sub-band HMMs of the same digits, we find that
the corresponding transition probabilities are similar but far from 0.5 — a;; are
more around 0.8 instead. As they are similar but not identical, synchronous re-
combination are preferred though there is still room for better performance by
going asynchrony. Further examination of the trained transition probabilities of
the composite HMMs confirms that (a) transitions from synchronous states to
synchronous states are more likely; and (b) asynchronous states are less likely
to make a transition that will further increase asynchrony between sub-bands.
In other words, asynchronous transitions of more than one state are much less

likely. This observation may explain the phenomenon that systems with maxi-
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mum asynchrony limit from two to five states have similar performance.
Although our results show that asynchrony by one state improves performance

over forced synchrony, further relaxing asynchrony beyond one state results in de-

graded performance in all reported experiments. This will be further investigated

in the next chapter.
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Chapter 4

Development of an Asynchronous
Multi-band System for

Continuous Speech Recognition

4.1 Introduction
Based on the preliminary results, we achieved:

1. Optimal linear sub-band weights can be trained using the MCE criterion

with simulated noisy speech on an isolated digit recognition. (Chapter 2)

2. Under the HMM composition framework with equal sub-band weights, asyn-
chrony is preferred on both clean and noisy speech on a gender-dependent

connected digit recognition. (Chapter 3)

In this chapter, we improve our multi-band framework obtained in Chap-
ter 3 by incorporating the MCE-derived sub-band weights trained by simulated
noisy speech into the framework. Finally, we have an asynchronous multi-band
framework using HMM composition and sub-bands are recombined “optimally”
using linear combination of sub-band log-likelihoods with MCE-derived sub-band

weights trained with simulated noisy speech.
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To perform the MCE training on continuous speech recognition, we need to
determine competing hypotheses against the correct one. A common way of
doing so is to derive the N-best competing hypotheses. The MCE formulation
of sub-band weights using the HMM composition framework will be presented in
section 4.2.

Systems are first evaluated on ideal end-points because end-point inaccuracies
can lead to serious performance degradation [26]. At the first place, we solely
compare a full-band and multi-band techniques without the effect of end-point
inaccuracies and therefore ideal end-points are used in the first set of experiments.
In the second set of experiments, we incorporate the end-point effect into the
evaluation so that a realistic situation depicting an inaccurate end-point detection

can be simulated.

4.2 String-based Minimum Classification Error

Estimation of Linear Sub-band Weights

For simplicity, we will only show estimation formulae in which a sub-band weight
depend only on a sub-band and not on a model nor a state; the latter can easily
be derived in a similar fashion.

Suppose we have a K-sub-band recognition system and N competing strings
generated by an N-best algorithm. We define the observation sequence X =
[€1,Z9, ..., 27| and A as a set of acoustic models. The discriminant function for

the class W; is chosen to be
g;(X;A) = log P(X,q;|Wj) (4.1)

where g; = {g},q;,...,q} } denotes the most likely composite state sequence of
W, and q§ denotes the corresponding state sequence in sub-band k. Sub-band

log-likelihoods are recombined at the frame level as follows:

K
— k k
log bqj (@) = I; wy, log bq;?(t) (z}) (4.2)
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K
where 0<w, <land) wy=1 (4.3)
k=1

assuming sub-band independence. Let g;(X;A) be g;, and the misclassification
measure d(X) is then given by

d(X) log{ > exp(gn } -9 - (4.4)

n#j

The misclassification measure is smoothed using the sigmoid function, I(d) =
1/{1+exp(—vyd+#0)}, to obtain the empirical loss function, Rye. = 7 3 x [(d(X))
where U denotes the total number of training utterances.

We also adopted the parameter transformation of Eqn.[2.17, 2.18] as explained
in section 2.3.2.

Taking derivative with respect to the k-th sub-band weight, @y, we have

ORmee Ol & 9d(X) Owy,
o, —Z 5d Z 0o 05y where (4.5)
ol
5q = YHAX)) —1dX))], (4.6)
agn 89'
N ZJn_ ZJ)
dd(X) B dont el‘p(gn)(awb awb)
= = (4.7)
Owy >ntj €2D(9n)

where —7 %n _ =T, ogb ().

dwy 40!
We followed the same iterative procedures as described in section 2.3.2 to

obtain the final estimation on sub-band weights.

4.3 Setup

Since we employed a similar setup as described in section 3.3.3, only the addition

or modification of setups are described below.

4.3.1 Speech Processing Frontend

We added the cepstral mean subtraction procedure during feature extraction.
Frequency Partition
Speech signals beyond 4kHz are filtered. The new sub-band divisions are defined

as follows:
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e Full-band: 0 — 4000Hz
e First sub-band: 0 — 1080Hz

e Second sub-band: 1000 — 4000Hz

4.3.2 HMM Architecture

The HMM architecture is kept the same as the preliminary experiments since
reasonable recognition accuracies were obtained. For the multi-band case, com-
posite HMMs were created with transition probabilities computed from their
sub-band counterparts because no significant performance difference between us-
ing computed and re-trained transition probabilities were found according to our

preliminary results mentioned in Chapter 3.

4.3.3 Training and Testing Environment

The training set contained 8623 digit strings while the test set contained another
8700 digit strings using the adult portion of the corpus. All the full-band and sub-
band HMMs were trained with clean speech using the Baum-Welch algorithm.
Noisy data for training and testing were created from the corresponding clean
speech by manually adding the noise at a prescribed SNR at the time domain.
Appendix A.1 gives a detailed procedure of preparing the simulated noisy speech.

Corrective training with string-based MCE criterion was employed to reduce
the computation time. String competitors were derived using a two-pass exact
N-best algorithm. One-tenth of the noisy training data (862 digit strings) were
randomly picked from the original noisy training set to train the sub-band weights.
Since only one parameter, the sub-band weight, was estimated in our two-band
system, the size of the training set is large enough to obtain a reliable parameter
estimation.

The word insertion penalty was individually tuned on all systems including

full-band, individual sub-bands and multi-band systems such that the number of
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insertions is roughly the same as the number of deletions at the clean environment.

Their word insertion penalties were applied again on the noisy environments.

4.4 Experiment I: With “Ideal” End-points

In automatic speech recognition, it is crucial that speech segments be separated
from non-speech before decoding. An inaccurate detection of end-points can
result in severe performance degradation. To minimize the effect of end-point
inaccuracies, all experiments were performed with the end-points which were

1” 1

detected in clean environment. We referred them as “idea end-points.

4.4.1 Experiment I(a): Asynchrony Limit

Motivation
The motivation is to test the effect of asynchrony towards recognition per-

formance.

Procedure
Maximum asynchrony limits from zero (forced synchrony) to five (full asyn-
chrony) were attempted at the clean environment. Sub-band log-likelihoods

are recombined linearly at state level with equal sub-band weights.

Result
Results on string and word error rates are shown in Figure 4.1 and Figure 4.2

respectively.

Compared with an synchronous composition system, asynchronous systems
perform better, reducing the SER (WER) by 20% (19%). Performance
among different asynchronous limits are roughly the same. The results are
what we would have expected after our preliminary experiments on sub-

band asynchrony described in Chapter 3.

! Notice that these end-points may not be optimal in terms of recognition performance.
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Figure 4.1: Effect of the asynchrony limit on clean speech (string error rates).

clean
125 T T T

Word Error Rate (%)
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Max. Async Limit

Figure 4.2: Effect of the asynchrony limit on clean speech (word error rates).
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Conclusion
Results indicate that a maximum asynchrony limit of one state seems ade-
quate. After taking the time and space requirements into consideration, an

asynchrony limit of one state is adopted for all the following experiments.

4.4.2 Experiment I(b): String-based MCE Training of
Sub-band Weights under the HMM Composition

Framework

Motivation

The motivation is to apply the string-based MCE training technique un-
der the HMM composition framework to find the optimal sub-band weights
and then evaluate their effectiveness on continuous speech recognition under
different noisy environments. For finding string competitors in the MCE
training, one-best and ten-best competing strings are attempted. The rea-
son of using ten-best competing strings is that the MCE training may be
more robust by averaging the contribution of string competitors. The rea-
son of using one-best competing string, a special case to the N-best case,
is to verify the hypothesis that using one-best competing string may be

adequate in our multi-band framework.

Procedure

We chose the low-pass white noise (a noise mostly concentrated on the first
sub-band) as a benchmark of how well the multi-band system can be. We
also chose three types of real noises for evaluation, namely babble, volvo

and white noises with their frequency spectrum shown in Appendix A.2.
MCE Training Procedure

Three parameters are needed to be determined during the MCE training:
€; - The learning rate of the gradient descent procedure at the i-th iteration.

~ : The slope of the sigmoid function.
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0 : The offset of the sigmoid function.

We attempted using one-best and ten-best competing strings for training
where a correct string is discriminated by the best competitor and an “av-
erage” of competitors respectively. In both cases, we fixed the parameters

for each noise type and SNR as follows:

e ¢; =¢€yx(1—1i/I) with ¢¢ = 1.0, = 50, and I denotes the maximum
number of iterations. The learning rate decreases when the number of

iteration increases.

After fixing the training parameters, we performed the MCE training as
follows:
For each noise in {lpwhite, babble, volvo, white} (LOOP I)
For each SNR in {20db, 10db, 0db, -10db} (LOOP II)
Perform the string-based MCE training using the N-best
competing strings with the corresponding noisy training set.
End (LOOP 1II)

End (LOOP I)

Recognition Results I — With One-best Competing String
Recognition results are plotted in Figures 4.3 — 4.10.

We first investigated on how well a multi-band system can be under an
ideal band-limited noise in which only the first sub-band was corrupted by

a low-pass white noise. Results are shown in Figure 4.3 and Figure 4.4.

Since only the first sub-band is corrupted, the second sub-band maintains
good performance under all SNRs. Simply with a uniform weighting scheme
and synchronous recombination, the multi-band recognizer already per-

forms much better than the full-band recognizer at all SNRs. After applying
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asynchronous recombination and MCE-derived sub-band weights, the multi-
band recognizer continues to yield significant performance enhancement.
Compared with the full-band recognizer, the asynchronous multi-band rec-
ognizer reduces string (word) error rates by 25.8% (42.3%) at an SNR of
-10db. The results serve as a benchmark of how well a multi-band system
can be under frequency-localized noises and demonstrate the effectiveness
of MCE-derived sub-band weights and the technique of asynchronous re-

combination on developing multi-band ASR.

We further evaluated a multi-band system on real noises. When it is
evaluated on babble and volvo noises, the asynchronous multi-band recog-
nizer with MCE-derived weights perform better than other configurations
of multi-band recognizers. Moreover, the asynchronous multi-band recog-
nizer still maintain a similar performance with the full-band recognizer on
string error rates, while it shows an improvement on word error rates with
SNRs below 10db. When it is evaluated on white noise, the asynchronous
multi-band recognizer with MCE-derived weights exhibits a significant im-
provement on string error rates at an SNR of 0db and on word error rates
with SNRs below 10db, while it sticks to the performance of the full-band
recognizer. In particular, the string (word) error rates are reduced by 6.9%

(33.1%) at an SNR of 0db.
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Discussion I — With One-best Competing String

Effective Sub-band SNR (db)

Effective Sub-band SNR (db)

For explanation purposes, we also plotted the effective sub-band SNRs for

each noise as shown in Figure 4.11.
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Figure 4.11: Effective sub-band SNRs of different noises.
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Several points are worth discussing:

e As the performance of the two sub-band recognizers diverges, MCE-
derived weights effectively shift to emphasize the more reliable sub-
band; and the result is at least as good as that of the best sub-band
recognizer. This phenomenon can be observed in low-pass white noise
in Figures 4.3 and 4.4. We can observe a divergence of sub-band per-
formance by their individual recognition performance and also their
MCE-derived weights as shown in Figure 4.12. Moreover, the effec-
tive sub-band SNRs in Figure 4.11 also agree with the individual sub-
band performance in the sense that the SNR of the second sub-band

is greater than that of the first sub-band.

e Babble noise is difficult to deal with. We can see that nearly no perfor-
mance gain but a slight degradation on string error rates is observed
for the multi-band system compared with the full-band system that
individual sub-bands have similar performance agrees with the similar
sub-band SNRs as shown in Figure 4.11. Thus, it appears that when
the sub-bands have similar performance, our multi-band framework

may not be effective compared with the full-band system.

e One may wonder why there is a huge difference between the two sub-
band recognizers under white noise which has a uniform spectrum.
It is probably due to the spectral tilt in speech and speech energy is
decreasing at about 6dB per octave after about 1kHz — the dividing
frequency between our two sub-bands. Consequently, the spectrally
uniform white noise actually hurts the second sub-band more than the
first sub-band, and thus performance of the second sub-band recognizer
degrades more as well. This explanation agrees with the effective SNRs
of sub-bands as shown in Figure 4.11. The SNR of the second sub-band

is actually smaller than that of the first sub-band.

e [t is observed that the performance gains due to asynchrony and MCE

weight training are different at different noisy conditions.
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For low-pass and all-pass white noises, MCE training seems to be more
important than sub-band asynchrony especially at SNRs below 10db.
In Figure 4.12, since the weights are diverging with a decreasing SNR,

the asynchrony factor is weakened.

For volvo and babble noises, on the other hand, only applying the MCE
training without asynchrony seems inadequate. Although there is still
some improvement after MCE training for the synchronous system,
the performance gain is still very small. This may be due to the
observation that the weight deviation from 0.5 is small as shown in

Figure 4.12.

By applying both MCE and asynchrony techniques, our multi-band

system can achieve its best performance.

e It is interesting to see that compared with the full-band recognizer, the
asynchronous multi-band recognizer always improves the word error
rates in all noises. However, in white and babble noises, the string
error rates degrade a little under low SNRs. It must mean that in
those two noises, the word errors spread out among the strings in our

multi-band recognizer.

e One may wonder why the word error rates of multi-band systems are
still greater than that of the second sub-band on babble noise after the
MCE training as shown in Figure 4.6. This may be explained by the
fact that it is a string-based MCE training which aims at minimizing
the string error rates. There seems no guarantee that the word error

rates would also be reduced.

Recognition Results IT — With Ten-best Competing String

Recognition results of the multi-band recognizers with an one-best and ten-
best MCE training were plotted in Figure 4.13 — 4.20. They indicate
that there is no performance difference between using one-best and ten-

best competing strings during MCE training on sub-band weights.
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Figure 4.13: Comparison between using one-best and ten-best competing strings
in deriving MCE-trained sub-band weights with low-pass white noise (string error

rates)
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Figure 4.14: Comparison between using one-best and ten-best competing strings
in deriving MCE-trained sub-band weights with low-pass white noise (word error

rates)
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babble noise
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Figure 4.15: Comparison between using one-best and ten-best competing strings

in deriving MCE-trained sub-band weights with babble noise (string error rates)
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Figure 4.16: Comparison between using one-best and ten-best competing strings

in deriving MCE-trained sub-band weights with babble noise (word error rates)
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volvo noise

60 T T T T T T T
[
50 ASYNC-MCE-1BEST —e— E
SYNC-MCE-1BEST ——
ASYNC-MCE-10BEST --H-
SYNC-MCE-10BEST - ©-
40

String Error Rate (%0)
w
o
T

20

10F

10 5 0 5 10 15 2 % )
SR (db)

Figure 4.17: Comparison between using one-best and ten-best competing strings

in deriving MCE-trained sub-band weights with volvo noise (string error rates)
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Figure 4.18: Comparison between using one-best and ten-best competing strings

in deriving MCE-trained sub-band weights with volvo noise (word error rates)
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white noise
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Figure 4.19: Comparison between using one-best and ten-best competing strings

in deriving MCE-trained sub-band weights with white noise (string error rates)
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Figure 4.20: Comparison between using one-best and ten-best competing strings

in deriving MCE-trained sub-band weights with white noise (word error rates)
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Discussion IT — With ten-best competing strings

Results proved our initial hypothesis that there is no performance difference
between using one-best and ten-best competing strings in MCE training on
sub-band weights. This may be explained by the hypothesis that they share
similar distributions of the misclassification distance within the trainable

region of a sigmoid function.

Conclusion

With the ideal end-points, we have the following conclusions:

e It is advantageous to allow asynchronous recombination of sub-bands
in the HMM composition framework on both the clean and noisy con-

ditions.

e Our multi-band framework is effective when there is a big difference
among individual sub-band performance. Through MCE training on
sub-band weights, the system performs at least as well as the best
sub-band. Therefore, if one of the sub-bands performs better than
the full-band system, our multi-band system can perform better than
the full-band system which is demonstrated on low-pass white noise.
Otherwise, our multi-band system still maintains similar performance
with the full-band system in most noisy environments in terms of string
error rates while it always performs better than the full-band system

in terms of word error rates.

e The asynchrony effect and MCE-derived sub-band weights help im-
prove performance of our multi-band system. Asynchrony effect is rel-
atively more important than the MCE-derived sub-band weights when
sub-band recognizers have similar performance (on babble and volvo
noises). The opposite is true when the performance of sub-band rec-
ognizers diverges (on low-pass and all-pass white noises). Specifically,
Figure 4.21 summarizes the contribution of the asynchrony effect and

the sub-band weights under low-pass white noise of 0db.
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Figure 4.21: System improvement on low-pass white noise of 0db (absolute string

error rate).

e No significant difference is observed between the MCE training using

the one-best and the ten-best competitors throughout the experiments.
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4.5 Experiment II: With Non-ideal End-points

Motivation
In reality, it is hard to obtain good end-points under noisy environments.
Therefore, the motivation of the experiments is to investigate the perfor-

mance of our multi-band framework with “inaccurate” end-points.

Procedure
Firstly, a non-ideal end-point detector developed by Junqua et al [27] was
simulated by generating the end-point offsets with a Gaussian distribution
of zero mean and standard deviation of three frames. The non-ideal end-
points were created by adding the corresponding offsets to the “ideal” end-

points for the training and testing sets.

Secondly, we repeated the main steps in Experiment I(b) with the non-
ideal end-points. Since MCE training with one-best competing string is
as effective as MCE training with 10-best competing strings on ideal end-
points, we therefore performed the MCE training using one-best competing

string in this experiment.

Recognition Results

Results are plotted in Figures 4.22— 4.29.

When it is evaluated on low-pass white noise, the asynchronous multi-band
recognizer with MCE-derived sub-band weights exhibits a superior perfor-
mance to other multi-band recognizers and the full-band recognizer. At
an SNR of 0db, it reduces the string (word) error rates by 49.8% (66.7%).
When it is evaluated on babble and volvo noises, the asynchronous multi-
band recognizer with MCE-derived sub-band weights shows a slight perfor-
mance degradation relative to the full-band recognizer on string error rates
but still demonstrates a slight performance gain on word error rates at low
SNRs. When it is evaluated on white noise, similar to the corresponding
results with ideal end-points, the asynchronous multi-band recognizer with

MCE-derived weights exhibits a significant improvement on string error
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rates at an SNR of 0db and on word error rates with SNRs below 10db, In
particular, the string (word) error rates are reduced by 6.1% (32.1%) at an
SNR of 0db. At other SNRs, it shows a slight loss in performance relative

to the full-band recognizer.
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Figure 4.22: Recognition results with low-pass white noise and
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babble noise
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Figure 4.24: Recognition results

(string error rates)

with babble noise and non-ideal end-points
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Figure 4.25: Recognition results with babble noise and non-ideal end-points (word

error rates)
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volvo noise
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Figure 4.26: Recognition results with volvo noise and non-ideal end-points (string

error rates)
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Figure 4.27: Recognition results with volvo noise and non-ideal end-points (word

error rates)
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Figure 4.28: Recognition results with white noise and non-ideal end-points (string

error rates)

Figure 4.29: Recognition results with white noise and non-ideal end-points (word

error rates)
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Discussion

For explanation purposes, we plotted the performance difference between

the ideal and non-ideal end-points for individual sub-bands and full-band

system in Figures 4.30 — 4.33
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Figure 4.30: Comparison of recognition results between ideal and non-ideal end-

points on low-pass white noise
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Figure 4.31: Comparison of recognition results between ideal and non-ideal end-

points on babble noise.
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From the above graphs, we have the following observations:

e Performance of all systems were poorer compared with the perfor-
mance with ideal end-points. This observation is expected since the
noisy end-points introduce addition of noisy frames or deletion of valid

speech.

e By examining Figures 4.30— 4.33 which compare the full-band and
sub-bands with ideal and non-ideal end-points, the second sub-band
appears to be more sensitive to the noisy end-points especially on low-
pass white noise, babble noise and volvo noise. This is revealed from its
faster performance degradation. This may be explained by the effect
due to the additive noise and another effect due to noisy end-points.
Since those noises are more concentrated on the first sub-band, this
sub-band is already very noisy no matter how noisy the end-points are.
Therefore, the impact due to noisy end-points is comparably small. On
the contrary, the second sub-band has less additive noise compared to
the first sub-band. Therefore, the impact due to noisy end-points may

be significant to the former sub-band relatively.

Conclusion
Our multi-band framework is more sensitive to the noisy end-points than
the full-band system. For volvo and babble noises, the multi-band system

cannot attain the full-band performance.
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Chapter 5

Conclusion

In this chapter, conclusions will be made for the experimental findings mentioned
in previous chapters. As an investigative study of alternative approaches towards
automatic speech recognition, we will compare the advantages and disadvantages
of the multi-band approach with the conventional full-band approach.

Conjectures will also be made based on the experimental results.

5.1 Multi-band approach V.S. Full-band approach

Before drawing any conclusion, we first compare the multi-band and full-band
approaches with their advantages and disadvantages.

The main disadvantage for the full-band approach is that when a speech signal
is corrupted by frequency-localized noises, the whole acoustic feature vector is
corrupted. On the contrary, such kind of noises may not hurt a multi-band
recognizer seriously because the noise effects are localized only to some of the
sub-band(s). For instance, from the previous experimental results on low-pass
white noise, we can see that a multi-band recognizer, even with uniform sub-band
weights, can perform better than a full-band recognizer. With MCE-derived sub-
band weights to de-emphasize unreliable sub-bands, performance of a multi-band
recognizer is further improved.

On the other hand, the main disadvantage for the multi-band approach is

the loss of correlation information among sub-bands and the assumption of sub-
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band independence. To compensate for the loss of sub-band correlation, MCE-
derived sub-band weights and asynchronous recombination are incorporated into
the linear combination of sub-band log-likelihoods in our multi-band framework.

In fact, we can see from the experimental results that with the attempted
compensation techniques, our multi-band framework always performs better than
a full-band recognizer in terms of word error rates evaluated on real noises with
ideal end-points. At the same time, our multi-band framework can maintain
similar performance with a full-band recognizer in terms of string error rates.

In conclusion, our multi-band framework works much better than a full-band
recognizer on frequency-localized noises. Moreover, with ideal end-points, our
multi-band system maintains similar performance with the full-band recognizer
on real noises in terms of string error rates while improving the word error rates

at low SNRs.

5.2 Does our multi-band system need a prior
knowledge of noise in practice?

From our experiments, one may feel that our multi-band system requires a prior
knowledge of the noise to estimate sub-band weights using MCE criterion because
simulated noisy speech of each type of noise were prepared beforehand to train
the sub-band weights.

To answer this question, we first realize how our multi-band system works in

practice.

1. Collect some noisy speech provided by users.

2. Train sub-band weights using the MCE criterion. Supervised or unsuper-

vised training may be employed.

3. Plug the new sub-band weights into the multi-band system and perform

recognition.
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From the above steps, we can see that no prior knowledge of the noise is needed
to run our multi-band system because we simply collect it online. Moreover,
the adaptation of sub-band weights is fast because only one sub-band weight is
required for adaptation in our two-band system. For the same reason, only a
few samples of noisy speech are required. In conclusion, online adaptation of

sub-band weights is feasible in our multi-band system.

5.3 Hypotheses and conjectures
We have the following hypotheses and conjectures:

e Can we further improve the performance of a multi-band system

by finding an optimal sub-band partitions on real noises?

This question is inspired from the experimental results on low-pass white
noise in which our multi-band framework works much better than a full-
band system. Moreover, we suspect that the sub-band frequency boundary,
around 1kHz, in our two-band system is somewhat optimal on this noise
specifically. The interesting point is thus the existence of an optimal sub-
band partition depending on different noisy environments. In such case, we
expect that our multi-band system may have a superior performance to a
full-band system even on real noises and the extent of improvement on real

noises may resemble what happens on low-pass white noise.

e Does the loss of sub-band correlation really hurt a lot?

Some researchers think that the loss of sub-band correlation in multi-band
approach may lead to inferior performance because they believe that this in-
formation is critical in modeling speech signals. However, according to our
experimental results, the performance degradation on a non-compensated
multi-band system (synchronous recombination with uniform sub-band weights)
due to the loss of sub-band correlation is not so severe as one may expect.

On clean speech, there is only 0.4% (0.02%) degradation on absolute SER
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SNR (db) | A Absolute String Accuracy (%) | A Absolute Word Accuracy (%)
20 7.22 1.34
10 33.91 9.59
0 19.74 14.04
-10 6.23 8.73

Table 5.1: Performance comparison between a full-band and a synchronous multi-
band system with equal sub-band weights on low-pass white noise with ideal

end-points. (relative to full-band)

SNR (db) | A Absolute String Accuracy (%) | A Absolute Word Accuracy (%)
20 0.12 0.20
10 -0.70 0.16
0 -0.46 -1.26
-10 -0.47 0.89

Table 5.2: Performance comparison between a full-band and a synchronous multi-
band system with equal sub-band weights on babble noise with ideal end-points.

(relative to full-band)

(WER) relative to a full-band system, implying that the loss of performance

is indeed insignificant.

On low-pass white noise, there is even a significant performance gain ac-
cording to Table 5.1. On real noises, the change in performance relative
to a full-band system is small at nearly all SNRs according to Tables 5.2 —
5.4.

Therefore, the loss of sub-band correlation only imposes an insignificant
penalty to our multi-band system. Thus, it opens the door for different
techniques such as MCE-derived sub-band weights and asynchronous re-
combination of sub-bands, resulting in flexibility in modeling speech signal

or even a performance enhancement in some noisy environments that we
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SNR (db)

A Absolute String Accuracy (%)

A Absolute Word Accuracy (%)

20
10
0

-10

-0.01

-0.82

-1.33
-1.407

0.19
0.01
-0.26
0.11

Table 5.3: Performance comparison between a full-band and a synchronous multi-

band system with equal sub-band weights on volvo noise with ideal end-points.

(relative to full-band)

SNR (db)

A Absolute String Accuracy (%)

A Absolute Word Accuracy (%)

20
10
0
-10

-1.17
-1.83
-5.34
-0.72

-0.30
-0.57
0.50
2.49

Table 5.4: Performance comparison between a full-band and a synchronous multi-

band system with equal sub-band weights on white noise with ideal end-points.

(relative to full-band)

evaluated.
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Chapter 6

Contributions and Future Work

In this chapter, I will summarize the contributions of this thesis towards the
ASR community and suggest possible future extensions of our multi-band ASR

framework.

6.1 Contributions

There are two main contributions of this thesis:

e Applying the HMM composition framework to model sub-band
asynchrony
We successfully applied the HMM composition framework to model sub-

band asynchrony on continuous speech recognition.

We have the following findings:

1. Transition probabilities of the composite HMMs must be either com-
puted or re-trained from sub-band transitions that are trained with
the Baum-Welch algorithm. Furthermore, we observed that either
computing or re-training the transition probabilities does not make
much difference in performance. Therefore, the re-training step could

be saved.

2. One-state asynchrony is found to be adequate and better than syn-

chrony in most cases in our experiments.
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e Using simulated noisy speech to optimize sub-band weights

We used simulated noisy speech to optimize the sub-band weights since it is
not effective to use clean speech to optimize them and apply them in noisy

environments.

We have the following findings:

1. When there is a divergence in individual sub-band performance, MCE
training can effectively emphasize the reliable sub-band by shifting

more weight towards it.

2. MCE training on sub-band weights using the one-best competing string
is adequate compared with the performance using ten-best competing

strings.

Results By applying MCE-derived sub-band weights and sub-band asyn-
chrony in our multi-band system, it is proved to perform much better than a
full-band system on frequency-localized noises such as low-pass white noise
evaluated in our experiments while it can still maintain a similar perfor-
mance with the full-band system on real noises in terms of string error

rates and improved word error rates at low SNRs.

6.2 Future Work

In this section, we will mention possible future extensions for our multi-band

framework.

e State and transition pruning of composite HMMs

In view of the state explosion issue when the number of sub-bands increases,
one may have to further reduce the amount of memory and computation by
pruning excessive states or transitions starting from the fully asynchronous
composite HMMs. States and transitions could be removed gradually based

on some criterion, say the likelihood criterion. However, this approach
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makes the assumption that enough memory is available to create the fully

asynchronous composite HMMs.

e State and transition growing of composite HMMs

Alternatively, we may start from the synchronous composite HMMs and
add asynchronous states gradually based on some criteria, e.g. likelihood.
This approach can get rid of the initial memory requirement which is needed

in the approach mentioned above.

e Discriminative training based on the string and word error rates

Since the string-based MCE training only guarantees a reduction on the
string error but not the word error, it would be good if we can incorporate
the information of word errors during training. However, this is not trivial

and requires further investigation.

e Discriminative training using the N-nearest competitors

A preliminary study on the l-nearest approach using the naive 1-nearest
decoder will be presented in the Appendix A.3. Motivations and preliminary

results will be provided in the study.

e Non-linear recombination of sub-bands

Non-linear recombination of sub-band log-likelihoods may help relax the
sub-band independence assumption and thus further improving the perfor-

mance of the multi-band recognizer.

e Incorporation of model-dependent weights

The reliability of different sub-band models is probably different even under
the same noisy environment. Therefore, it will be helpful to estimate the
weights for individual sub-band models instead of using a global set of sub-
band weights. As a result, performance of the multi-band recognizer will

be improved.
e Evaluation on large-vocabulary corpora
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It would be interesting to evaluate the multi-band framework on corpora

with [arge vocabularies using phoneme-based models.
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Appendix A

Appendix

A.1 Preparation of simulated noisy speech

Additive noise is added to the whole length of the speech signal maintained at

an signal-to-noise ratio (SNR) defined below:

2

0-5
SNR = 10 10910 202 (A].)
0_2
. q003ltesnZE—01SNRY) (A.2)
s[t] = s[t]+r * nft] (A.3)

where 02 and 02 denote the signal and noise variance respectively and r is the
noise scaling factor.

To prepare a simulated noisy utterance, firstly its end-points are detected.
Secondly, the noise scaling factor are determined only within the end-points us-
ing Eqn A.1. Lastly, scaled noise is added to the speech signal over the whole

utterance length. A sample of simulated noisy speech is shown in Figure A.1.

81



Figure A.1: A spectrogram of a word string “One Two” added with 590Hz tone
at 10db

A.2 Spectrum of real noises from the NOISEX-

92 database
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Figure A.2: Spectra of different noises
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A.3 Discriminative Training on Linear Sub-band
Weights using the One-nearest String Com-

petitor

A.3.1 Introduction

It is motivated by the findings on the distribution of the misclassification distance
using the one-best competing string as shown in Figure A.3 on a low-pass white
noise at -10db. It is observed that training samples having a large misclassification
distance may be hard to correct since they are close to the right-hand-side of the
sigmoid function which classifies the training samples as incorrect. Although we
can always select a very flat sigmoid function to trap most of the training samples,
this will slow down the training procedure. On the other hand, adopting a large
learning rate to compensate for using a flat sigmoid function during the gradient
descent procedure may lead to an unstable search or even a divergence may
occur. In fact, choosing a suitable learning rate and appropriate parameters of
the sigmoid function are sometimes application-dependent. Usually, we may need
to gather some knowledges about the distribution of the misclassification distance
before selecting the suitable parameters for further training.

It would be good if the distribution of the misclassification distance is skewed
to the left for any application so that we can simply choose a steep sigmoid
during training and thus saving the steps of selecting the sigmoid parameters.
Our proposed approach is to use the nearest competitor for the discriminative
training. Since it is the nearest competitor, the distance between the competi-
tor and the correct string will be small. Figure A.4 and Figure A.5 compare
the distance distribution and the cumulative distance distribution using both ap-
proaches. Moreover, the rank of the correct string inside the stack of the N-best
decoder will be expected to improve by “beating” the nearest competitor one by

one which is the goal of discriminative training.
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Low-pass white noise at -10db
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Figure A.3: Distribution of the misclassification distance using the one-best com-
petitor approach at the first iteration of the MCE training.
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Figure A.4: Comparison of the distance distribution using the one-best and one-

nearest approach at the first iteration of the MCE training.
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Low-pass white noise at -10db
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Figure A.5: Comparison of the cumulative distance distribution using the one-

best and the one-nearest approaches at the first iteration of the MCE training.

A.3.2 Method — Locating the one-nearest hypothesis

We use the naive approach of locating the one-nearest hypothesis using the N-
best decoder. We simply search it from the top of the stack containing the
N-best hypotheses and go downwards. This procedure may require huge memory
and computation time if the actual N is very large. To avoid this, we limit the

maximum value of N, the maximum search depth, to 1000.

A.3.3 Procedure

We used the same training parameters for the one-nearest approach as adopted
in the one-best approach mentioned in previous chapters:

Define:

€; : The learning rate of the gradient descent procedure at the i-th iteration.
v : The slope of the sigmoid function.

0 : The offset of the sigmoid function.
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Then,

e ¢, = ¢+ (1 —1/I) with ¢¢ = 1.0, = 50, and I denotes the maximum

number of iterations. The learning rate decreases as the number of iteration

increases.
o v=0.1
e =0

Discriminative training on sub-band weights using the one-nearest and one-
best approaches were performed on low-pass white noise at -10db. Low-pass white
noise was chosen because performance of individual sub-bands diverge under this
noise. In both cases, a multi-band recognizer with one-state asynchrony was

employed for evaluation.

A.3.4 Preliminary Results and Discussion

Preliminary results were plotted in Figures A.6 — A.9. We can observe from the

graphs that:

e Discriminative training using the one-nearest competitor is viable. Sub-
band weights found by both approaches are similar and the string error
rates and the empirical loss functions were decreasing with more training
iterations. Moreover, the average rank of the nearest competitor is improved

implying that the rank of a correct string is improved as well.

e Sub-band weights trained using one-nearest approach may be more accu-
rate because the training samples may be utilized more effectively than the
one-best approach due to its left-skewed distance distribution. This hy-
pothesis is also supported by the better recognition performance as shown

in Table A.1.
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Low-pass white noise at -10db
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Figure A.6: Comparison of the empirical loss using the one-best and one-nearest

approach.
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Figure A.7: Comparison of the string error rates using the one-best and one-

nearest approach.
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Low-pass white noise at -10dh
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Figure A.8: Comparison of the weight of the first sub-band using the one-best

and one-nearest approach.

Low-pass white noise at -10db

360 T T T T T T T T T
340 CE-INEAREST —o— .
s
£ 3
- )
[o]
o
7
o
5 300 | .
c
!
o
<
5 280 .
X
c
g
5
g %0 .
]
>
<
240 -
220 1 1 1 1 1 1 1 1 1
0 5 10 15 2 % 30 3% 4 45 50

Number of Training lterations

Figure A.9: Average ranking of the nearest competitor.

The recognition performance of with sub-band weight derived using both ap-

proaches is tabulated in Table A.1.
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Table A.1: Recognition results with trained sub-band weights using one-best and

one-nearest competing string with low-pass white at -10db

Approaches | SER (%) | WER (%)

One-best 65.90 22.14
One-nearest, 64.76 21.78

A.3.5 Conclusion

Preliminary results show that the one-nearest approach is a promising method
of finding competitors for fast MCE training. We will further investigate this

approach on:

1. the sensitivity to different sigmoid parameters.
2. an efficient algorithm for finding the nearest competitor.
3. different noise types.

4. general HMM parameter training.
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