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Abstract 

The conventional hidden Markov model (HMM) has achieved significant progress 

in speech recognition area. However. it is far from perfect. To overcome the well­

known limitations of HMM. a new statistical dynamic model is developed and inves­

tigated in this dissertation. The main novelty of this new model is the introduction 

of the vocal tract resonance (VTR) as the internal. structured hidden state for rep­

resenting phonetic reduction and target undershoot in human production of sponta­

neous speech and the incorporation of pre-knowledge about the VTR dynamics into 

the model design. training, and likelihood computation processes. 

The earliest nonlinear version of the model. originally proposed in [33], is first 

evaluated and investigated on the Switchboard speech database. Compared with a 

baseline HMM system it t11rns out better performance. Based on investigation on 

the nonlinear version and in consideration of the systematic 'iariations in speech. two 

new versions are then developed. One is called a mixture linear dynamic model and 

the other one a mixture linear dynamic model with switching parameters on measure­

ment equations. Both versions overcome the inefficiency in the parameter learning 

and likelihood computation process of the nonlinear version. The later version uses 

piece-wise linear functions rather than linear functions to alleviate the inaccuracy of 

the former version in approximating the physically nonlinear relationship between the 

hidden state space and the acoustic space. The later version is a more general case of 

the former version. Evaluation experiments demonstrate that both versions produce 

large improvements. Search. a challenging problem for the new dynamic model. is 

finally addressed. Based on analyses of that problem. three decoding algorithms ( a 

path-stack decoding algorithm. a second-order generalized pseudo-Bayesian decod­

ing algorithm and an interacting multiple model decoding algorithm) are designed. 

Experiment results show that they all are effective. Consistent improvements are 
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observed when the most efficient one is used on different versions of the dynamic 

model. 
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Chapter 1 

Introduction 

1.1 Automatic Speech Recognition 

To date. automatic speech recognition(ASR) has achieved significant progress during 

the past two decades. Although the success. as well as the huge commercial markets. 

has attracted many ~ompanies and researchers into this area. many difficulties asso­

ciated with ASR. which are mostly unsolved at the present time. prevent them from 

building a good practical recognition system of use in the real world. Two major 

ones of them are 

1. Coarticulation and phonetic reduction problems 

Studies of the way in which language is organized provide strong evidence that 

underlying the production and perception of speech is a sequence of discrete 

segments that are concatenated in time [38}. These segments, called phonemes. 

are assumed to have unique articulatory and acoustic correlates. For a spe­

cific language, the inventory of these basic sound units is remarkably limited. 

However. speech is generated through the closely coordinated and continuous 
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CHAPTER 1. INTRODUCTION 2 

movements of a set of articulators with different degrees of sluggishness. As a 

result, the acoustic properties of a given phoneme can change as a function of 

immediate phonetic context. This contextual effect, which is known as coar­

tic-ulation. causes the overlap of the acoustic information for the neighboring 

segments. Coarticulation is also responsible for the smearing of the segmental 

boundaries. It is very difficult to determine precisely the phoneme boundaries 

which segment the time function of spectral envelopes. For example. it is hard 

to segment a succession of voiced sounds. Furthermore. in continuous ASR it is 

almost impossible to segment a sentence of speech into words merely based on 

their acoustic features. Although the coarticulation problem can be avoided in 

the case of isolated word recognition by using words as the reference templates. 

the problem still remains in other speech recognition systems where phonemes 

or smaller parts of the words are used as templates. With continuous speech 

recognition. the difficulty is compounded by elision. where the speaker runs 

words together and ··swallows" most of the syllables. 

2. Individuality and other variation problems 

Acoustic features vary from speaker to speaker. even when the same words are 

uttered. according to differences in manner of speaking and articulatory organs. 

Even for the same speaker. acoustic features vary due to the variations in the 

speaker·s mode (relaxed, stressed, shouting, etc.) and due to the changes in 

the environmental factors (e.g background noise). 

How to tackle those problems still remains the biggest challenge in ASR today. 
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1.2 Hidden Markov Model 

The hidden Markov model (HMM) [7. 8, 9] has dominated the ASR field for many 

years. The most successful speech recognition systems [10. 11, 12] today have been 

based on HMM. The distinct strength associated with this method is the powerful 

statistical formalisms based solidly on mathematical optimization principles. The 

precise mathematical framework gives rise to ease of automatic parameter learn­

ing( training) and to optimal decision rules for speech-class discrimination. The sys­

tems can do the training automatically with little or no human supervision. It has 

been shown [92] that for HMMs the decision rule that is used performs as well as the 

optimal Bayesian decision rule( asymptotically with the number of observations) and 

there exist efficient search algorithms that implement this decoding rule [29]. So. it 

is not a surprise that it currently performs the best. 

However. the powerful training and recognition algorithms are based on the i.i.d. 

assumption of the observations. which itself, unfortunately, is not true [42. 62]. To 

relax this assumption, differentials (first-order and second-order) of the observations 

are used. But the simultaneous use of a feature vector and its derivative raises one 

additional problem. which has been well demonstrated in [62]. In Fig. 1.1, the solid 

curve is a sine wave, and the dotted curve is the differential of the solid one. which is 

a cosine. As shown in the figure. the optimal HMM state partitioning of the feature 

sequence and its differential are not consistent. To force them to be synchronous 

must result in reduced quality of approximation. 

To overcome the speech coarticulation problem (or context-sensitivity), all state­

of-the-art HMM systems adopt left and right context dependent phones ( or tri­

phones) as their unit models. It is a reasonable way for some types of phonological 

variations. But it results in very large amounts of training data required if the 
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Figure 1.1: Piece-wise constant approximation of sinusoid and its derivative (cosine) 

system wants to perform well with a large vocabulary because of the greatly increased 

number of triphone units. 

To deal with the speech variation (speaker. environment. etc.) problem. the 

only choice for the HMM systems seems to increase the number of Gaussians. The 

increased number of Gaussians not only again brings about the problem of large 

amount of training data needed. but also increases the confusability ( overlapping) 

between the Gaussians. In order to reduce the requirement of a huge amount of 

training data states or Gaussians must be tied. So how to tie states or Gaussians 

becomes another important issue for HMM systems. 

The stationarity in each HMM state is also a serious weakness for HMM systems. 

It is well known that speech is a non-stationary process. The stationarity in HMM 

states enforce HMM to approximate the trajectory of speech observations piece­

wise constantly. In theory HMM can nnHrnitedly increase the number of states 

to approximate the trajectory accurately, but it brings up again the problem of 

requirement of a large amount of training data. It is not realistic. 

Another weakness of HMM is its data-driven mechanism. It totally ignores the 

phonological and phonetic perspectives of speech. First, nearly all currently popular 
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speech recognition strategies use triphones arranged in strictly linear sequences, like 

--beads-on-a-string". This, however, is not how human language faculty organizes 

its phonological primitives. Second, the weak theoretical foundation of the current 

speech recognition technology from phonetic perspective is reflected in the weak 

structure of the HMM in use and in the simplistic strategy of surface data fitting 

to the observable acoustics ( equipped with virtually no underlying data generation 

mechanisms). A consequence of this weakness is that the sample paths of the HMM 

as a non-stationary stochastic process deviate significantly from true speech data 

trajectories. 

The above weaknesses associated with the current speech recognition technology 

lead to speech recognizers which inherently lack robustness. and cannot. generalize 

from training data to mismatched test data. The problem is particularly serious when 

little supervised adaptation data are available to recognizers. as in most real-world 

speech recognition applications. 

Therefore. although HMM has achieved many progresses in the ASR field. the 

problems are far from being solved. The recognizers built from this method (mostly 

built for a specific domain and a constrained task) perform poorly for unconstrained 

tasks and other domains. and even break down easily when porting from one speaking 

mode or environment to another. or from one language to another. Even for the best 

recognition systems, performance degrades rapidly in more difficult test conditions. 

such as spontaneous speech~ noisy environment and non-cooperative speakers. This 

situation results from the fundamental weakness of HMMs. 
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1.3 Generalized Models 

To relax the HMM' s limitations of the i.i.d. assumption of observations and the 

stationarity in each state. many generalized HMM models have been proposed [42, 

44. 45. 49, 50. 51. 52, 53, 54. 55. 58. 59, 62, 63]. All those models were called 

.. segment" models in [60] (A detailed survey of those models was given). 

To overcome the HMM's ignorance of the phonological and phonetic perspectives 

of speech. several new speech models have been proposed and investigated recently 

[64]. [65]. [66]. [68]. [69]. All those models try to introduce the speech produc­

tion mechanism into speech recognition process. By the introduction of a speech 

production mechanism. they also expect to be able to tackle the speech coarticula­

tion (context-sensitivity) problem. The HMM's triphone solution is an extravagant 

approach to coarticulation and ignores some well-known properties of real human 

speech. 

The following is a brief review of all the above models. To relax the i.i.d. as­

sumption of observations, a more reasonable and realistic i.i.d assumption. a Gauss­

Markov ( the first or second order) assumption. has been tried. The models based on 

the Gauss-Markov assumption was first investigated by Wellekens [42] and Brown 

[43]. Then. more work along this direction was carried out by Deng [58]. More ex­

plicit modeling of the correlation of observations has also been investigated by Kenny 

[45], Woodland [46] and Takahasi [47] et al. 

To capture the dynamics in speech observations, non-parametric and paramet­

ric approaches have been used. The first non-parametric approach used was the 

stochastic segment model proposed in [44]. It assigns a Gaussian distribution to the 

entire segment time-warped to a fixed length. Ghitza and Sondhi [49] developed a 

similar approach to model the non-stationarity, but this work was done under the 
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HMM framework. HMM states were defined as diphones and a different way ( dy­

namic ti.me warping) was used to do time-warping. Kimball [56] extended the work 

in [44] and suggested that each segment be modeled by a discrete mixture of non­

parametric mean trajectories. In [57] a mixture model on segment level was also 

proposed. Most recently Goldberger et al. [62] proposed a new model which used 

a continuous mixture of mean trajectories to model each segment. Deng et al. and 

Gish and Ng separately introduced very similar parametric approaches to model the 

mean trajectory in each HMM state. In both cases. the mean trajectory was modeled 

by a polynomial function. µi = Ef=o ai.ltl (L is the order of polynomial function). 

However. they defined t according to different ways. Deng et al. defined t as the 

absolute time ( the number of frames staying at HMM states). Gish and Ng defined 

it as a normalized one (t E [0.1]). Russell. Holmes. Gales and Young extended the 

above parametric models to the continuous mixture case. In [50] and (52] the mean 

of the trajectories is modeled by a Gaussian distribution. In [59, 63] the coefficients 

of the linear trajectory function were defined as random variables and they followed 

Gaussian distributions. 

Digalakis et al [54] introduced a stochastic linear dynamic model to model the 

speech dynamics. The model comes directly from control area where it is used to 

model non-stationary signals. 

Z(k) = FZ(k -1) + W(k - 1) 

O(k) HZ(k) + V(k) 

( 1.1) 

( 1.2) 

where O(k) is an observation vector, Z(k) is a hidden state vector. W(k) and V(k) are 

Gaussian noises. F and Hare system parameters. Each phone segment is modeled 

by one of the above systems, so the system parameters (F, H, and the means and 

covariances of Wand V) are phone-dependent. The hidden states are continuous, so 

it can be treated as a continuous-state HMM. If F = I and W = 0, HMM becomes 
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a special case of this model. Eventually, most of the segment models mentioned 

above can be considered as special cases of this model. The work in this thesis could 

be viewed as the extension of this dynamic model, but there are some fundamental 

changes which will be elaborated later. 

To deal with speech coarticulation, which is an important charade::ristic iu the:: 

speech production process, one early attempt was made by Bridle et al. Bakis [64] 

suggested a general system with targets, linear dynamics and nonlinear output map­

ping to model coarticulation. Blackburn et al [65] and Richards et al [68] both 

incorporated speech synthesis processes into speech recognition. Both systems use 

multi-layer perceptrons (MLPs) to describe the relationship between "articulatory­

( or dynamic ) space and acoustic space. The "articulators'' in both systems don·t 

have physical meanings (pseudo-ones). In [66] and [69] the "articulators~ were given 

physical meanings ( real ones), which. however, makes the systems harder to be im­

plemented. 

1.4 A New Statistical Dynamic Model 

The fundamental nature of the acoustic modeling strategy HMM and the so-called 

"segment~ models use is such that they explore only the surface-level observation 

data and not its internal structure or generative mechanisms. 

All the ··segment~ models reviewed in (60] try to model speech dynamics at acous­

tic level. or they try to capture the mean trajectory in observations (Mel-frequency 

cepstral coefficients (MFCCs)). However. the dynamics at the acoustic level is ap­

parently caused by some more fundamental dynamics in a human's vocal tract (the 

generative mechanism). Hence it appears necessary to explore some underlying dy­

namics in the speech patterns, which is responsible for the overwhelming variability 
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in the surface-level data. The so-called "'articulatory" models try to do this. But 

the dynamics in [65, 68] are pseudo and totally hidden, no pre-knowledge is allowed 

to be added to those models. The dynamics in [66, 69] are physical ones and some 

pre-knowledge (target asymptotic property) are able to be added to the model, but 

the high dimensionality and the complicated behaviors of the articulators make the 

systems infeasible. 

In this thesis a new statistical coarticulatory dynamic model is proposed and 

investigated. This model was already derived mathematically in [69], but a small 

modification is made here. In this work the dynamics of vocal-tract-resonance (VTR) 

is used to replace the original dynamics of articulators. The VTR domain is internal 

to the domain of surface acoustic domain ( such as MFCCs). The VTRs are pole 

locations of the vocal tract configured to produce speech sounds. They have acoustic 

correlates of formants which are directly measurable for vocalic sounds, but often are 

hidden or perturbed for consonantal sounds due to the concurrent spectral zeros and 

turbulence noises. Hence. formants and VTRs are related but distinct concepts: the 

former is defined in the acoustic domain and the latter is associated with the vocal­

tract properties. According to the goal-based speech production theory. articulatory 

structure and the associated VTRs necessarily manifest asymptotic behavior in their 

temporally smooth dynamics. Therefore, by this replacement, not only is the target­

directed property of the dynamics kept, but also the model becomes feasible because 

of the low dimensionality of VTR space ijust the first several VTRs are used). 

The coarticulation modeling in this new model is accomplished via two separate 

but related mechanisms. First, the mechanism of duration-dependent phonetic re­

duction allows the VTR variables and the associated surface acoustic variables to be 

modified automatically according to the varying speech rate and hence the duration 

of the speech units (e.g., phones). This modification is physically established accord-
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ing to the structured dynamics assigned to the VTR variables in the model. Second, 

the •• contin-uity" mechanism at the utterance level employed in the model constrains 

the VTR variables so that they flow smoothly from one segmental unit to another. 

This new dynamic model could be classified into the so-called .. segment" models 

because it does have the --segment" concept in its model design. The targets of the 

dynamics are based on segments. But it has two fundamental differences with those 

-segment"' models. 

1. All the -segment" models try to model the speech dynamics at the acoustic 

level. but the new model tries to do it at the internal level (VTR domain). 

2. Due to the first difference. the target-directed property in the internal dynamics 

is able to be incorporated into the model design. 

1.5 Thesis organization 

In chapter 2 the original nonlinear version of the new dynamic model is introduced. 

The mathematical formulation of the model is first derived, then the model parame­

ter training algorithm and model likelihood computation algorithm is derived using 

the Maximum Likelihood (ML) method. Finally, the new model is evaluated on 

Switchboard data under a N-best list re-scoring paradigm and some exploration ex­

periments carried out. In chapter 3, a new version of the dynamic model, a mixture 

linear dynamic model. is developed. Model training and likelihood computation algo­

rithms are then derived for this version. Finally, evaluation experiments are carried 

out for this new version and an analysis experiment is also performed to demonstrate 

the success of incorporation of dynamics. In Chapter 4, a more general version, a 

mixture linear dynamic model with switching parameters on measurement equations, 
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is developed. The model parameter learning and likelihood computation algorithms 

are derived, then evaluation experiments are done for it. In Chapter 5, three efficient 

decoding algorithms are developed for the new dynamic models. They are first com­

pared on a small amount of data and the most efficient one is chosen. Then the most 

efficient one is evaluated on different versions of the new dynamic model. Finally, in 

Chapter 6. conclusions are made and future work is discussed. 



Chapter 2 

A Statistical Coarticulatory 

Dynamic Model 

The statistical coarticulatory model presented in this chapter is a drastic departure 

from the conventional HMM-based approach to speech recognition. In the conven­

tional approach. the variability in observed speech acoustics is accounted for by a 

large number of Gaussian distributions. each of which may be indexed by a discrete 

"context" factor. The discrete nature of encoding the contextual (or coarticulatory) 

effect on speech variability leads to explosive growth of free parameters in the rec­

ognizers. and when the true source of the variability originates from causes of a 

continuous nature (such as in spontaneous speech), this approach necessarily breaks 

down. In contrast, the new model developed here focuses directly on the continuous 

nature of speech coarticulation and speech variability in spontaneous speech. 

12 
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2.1 Mathematical Formulation 

2.1.1 State equation 

In (32], a deterministic, continuous-time task-dynamic speech production model is 

established. Starting with that original model but incorporating random noise w(t), 

we end up with the following model: 

d2z(t) dz(t) 
~ + 2S(t)dt + S2(t)(z(t) - Z0 (t)) = w(t), 

where S2 is normalized. gesture-dependent stiffness parameter ( which controls fast or 

slow movement of tract variable z( t)), and zo is gesture-dependent point-attractor 

parameter of the dynamical system ( which controls the target and hence direction 

of the movement). Here. for generality. we assume that the model parameters are 

(slowly) time-varying. 

After discretization 1 . we get the following noisy. causal. and first-order ··state .. 

equation. 

Z(k) = tZ(k - 1) + (I - t)T + W(k - 1), (2.1) 

where Z(k) represents the dynamics of vocal tract constriction variables, t is the 

system matrix or "'time-constant.,, which controls the speed of the movement of the 

dynamics. and T is the goal ( or target) of the dynamics, which attracts the dynamics 

to go to it. W(k - 1) is a white noise with covariance Q. 

The inclusion of T gives rise to the target-directed property of the dynamics. 

This target-directed behavior of the dynamics can be seen by setting 

k ➔ oo, 

1See a derivation of this discrete-time state equation from the continuous-time system in (69]. 
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which forces the system to enter the local, asymptotic region where 

Z(k + 1) ~ Z(k). 

With the assumption of mild levels of noise W(k), Eqn. (2.1) then directly gives the 

target-directed behavior in Z(k): 

Z(k) ➔ T. 

The above model has been investigated before in our laboratory [ 66. 35. 34]. In the 

work here. we move from modeling the vocal tract constriction dynamics to modeling 

the vocal tract resonance dynamics. The late one has the same dynamic property 

as the former one. So the hidden dynamics Z(k) become the VTR dynamics. This 

modification offers several significant advantages. 

In [66. 35. 34]. all models have the dynamic state variables completely hidden 

(i.e .. unobservable). In the case of articulatory-dynamic model, the state variables 

are articulatory parameters. and in the case of task-dynamic model, the state vari­

ables are vocal tract constriction parameters. The current model uses VTRs as the 

hidden state variables. which are observable for vocalic sounds. In addition to the 

smaller dimensionality in the dynamic system state ( three versus a dozen or so), the 

use of the partially observable VTRs as the system state has been critically impor­

tant in the model development (model learning and diagnosis) and in the recognizer 

implementation. 

Some background work which leads to the development of this particular version 

of the model (i.e., with use of VTRs as the partially hidden dynamic states) has 

been the extensive studies of spontaneous speech spectrograms and of the associated 

speech production mechanisms. The spectrogram studies on spontaneous speech 

have highlighted the critical roles of smooth, goal-directed formant transitions (in 
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vocalic segments. including vowels, glides, and liquids) in carrying underlying pher 

netic information in the adjacent consonantal and vocalic segments. The smoothness 

in formant movements ( for vocalic sounds) and in VTR movements ( for practically 

all speech sounds 2 ) reflects the dynamic behavior of the articulatory structure in 

speech production. The properties of the dynamic behavior change in a systematic 

manner as a function of speaking style and speaking rate, and the contextual vari­

ations of phonetic units are linked with the speaking style and rate variations in a 

highly predictable way. 

The smoothness of VTR dynamics is not only confined within phonetic units 

but also across them. This cross-unit smoothness or continuity in the VTR domain 

becomes apparent after one learns to identify, by extrapolation, the "hidden" VTRs 

associated with most consonants. where the VTRs in spectrograms are either masked 

or distorted by spectral zeros, wide formant bandwidths, or by acoustic turbulence. 

The cross-unit smoothness ( or global smoothness) is realized by extending the ler 

cal smoothness in state vector Z(k) across each pair of adjacent dynamic regimes. 

making Z(k) continuous or smooth across an entire utterance. This is an important 

characteristics of this new model. However this constraint makes the search for the 

new model infeasible, which will be coped with in Chapter 5. 

2Some limited exceptions to this smoothness across vowel-consonant boundaries include nasal 

consonants whose production involves sudden opening of nasal tract. In this case, the acoustic 

resonances are determined by both nasal and oral tracts, and can be discontinuous across vowel­

nasal or nasal-vowel boundaries where the new nasal tract is suddenly introduced. To make the 

model consistent for such an exceptional case, the hidden dynamic variables are defined to be the 

acoustic resonances resulting from only the oral tract portion. Such variables then satisfy the cross­

segment continuity constraint applied to the normal cases since the movements of the articulators 

responsible for forming the oral tract area function are smooth even while a nasal sound is produced. 
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2.1.2 Measurement equation 

The measurement equation is to describe the relationship between observations and 

hidden dynamics. In this version we use the following nonlinear, noisy and static 

equation for it. 

U(k) = h(Z(k)) + V(k), (2.2) 

where the acoustic observation O(k) is MFCC measurements, V(k) is the additive 

observation noise modeled by an i.i.d .. zero-mean, Gaussian process with covariance 

matrix R. 3 intended to capture residual errors in the nonlinear mapping from Z ( k) 

to 0( k). h( •) is a nonlinear function. 

The nonlinearity is necessary because the physical mapping from VTR frequencies 

to MFCCs is highly nonlinear in nature. The noise used in the model Eqn.(2.2) 

captures the effects of VTR bandwidths (i.e .. formant bandwidths for vocalic sounds) 

and relative VTR amplitudes on the MFCC values. These effects are secondary to 

the VTR frequencies but they nevertheless contribute to the variability of MFCCs. 

Such secondary effects are quantified by the determinant of matrix R. which, in 

combination with the relative size of the state noise covariance matrix Q, plays 

important roles in determining relative amounts of state prediction and state update 

in the state estimation procedure. 

2.1.3 Summary of the new model 

The two components, state equation and measurement equation, of the new coar­

ticulatory speech model have been presented. The two components accommodate 

separate sources of speech variability. The first component. the state equation, has 

3Diagonal covariance matrix R has been used in the current model and all the models developed 

later. 
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a smooth dynamic property, and is linear but non-stationary. It has a phonetic­

goal-directed linear dynamic process rather than an i.i.d. process in HMM to model 

a phone segment. The second component, the observation equation, is static and 

nonlinear. This lower-level component in the speech generation chain handles speech 

variabilities including spectral tilts, formant bandwidths, relative formant magni­

tudes. frication spectra, and voice source differences. 

The two components combined form a non-stationary, nonlinear dynamic system 

whose structure and properties are well understood in terms of the general process 

of human speech production. 

This new dynamic model can be treated as a generalized HMM. If we set <P and 

h(•) to identity matrices and W(k -1) to zero. we have the following model. 

Z(k) - Z(k - 1) 

O(k) - Z(k) + V(k) 

It is a HMM with a single state. 

(2.3) 

(2.4) 

Obviously. the model in Eqns.(2.3) and (2.4) is a stationary process, the model 

in Eqns.(2.1) and (2.2) is a non-stationary process. The new model hence tries to 

overcome the HMM's limitation of stationarity in each state. 

For the new model. the parameters include: 0 = { <P, T, h( •), Q, R}. 

2.2 Comparison with other models 

The mathematical model described above can be viewed as a significant extension of 

the linear dynamic system model as a thus-far most general formulation of stochastic 

segment models for speech described in (54, 60}. The extension is in the following 

major aspects. 
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First, the continuous state variable is endowed with a physically meaningful en­

tity in the realistic speech process (i.e., VTRs), which allows special structures to be 

built into the state equation and which has been instrumental in the model devel­

opment ( especially in model initialization, learning, and diagnosis). In contrast. in 

the linear dynamic system model described in (54, 60], the continuous state variable 

was treated merely as a smoothed version of the noisy acoustic observation. Sec­

ond. special structures are built into the state equation to ensure the target-directed 

property of the VTR dynamics. Third, while maintaining linearity in the state equa­

tion. the observation equation is extended to a nonlinear one with use of physically 

motivated nonlinear functions. Finally, due to the introduction of nonlinearity in 

the observation equation and of the structural constraints in the state equation. the 

model learning and scoring algorithms described in (54. 60] have been substantially 

extended. 

The current model shares similar motivations and philosophies of other work aim­

ing at developing better, more compact coarticulatory models than the HMM. The 

models described in (65. 64. 67} have all used fully hidden internal dynamics. similar 

to the models described in (66, 34, 35}. Some models explicitly use articulatory pa­

rameters as the dynamic variable ( e.g., (651), others use more abstract, automatically 

extracted variables for the purpose of modeling coarticulation (e.g., (64, 67]). One 

main difference between these and the model described here lies in mathematical 

formulation of the models. The models described in (65, 64, 67] are largely determin­

istic. where the output of the models need to be explicitly synthesized and compared 

with the unknown speech in order to reach recognition decision. In contrast, the 

statistical nature of the current model permits likelihood-score computation against 

the unknown speech ( similar to the conventional HMM formulation in this aspect) 

directly from the model parameters where the model synthesis is only carried out 
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implicitly. In addition, the deterministic and statistical natures render the modeis 

with different learning criteria and hence different learning algorithms. 

2.3 Model parameter learning 

For notational clarity. we use 0 to denote the observation sequence, 

0 = {0(1), 0(2), .... O(K)}, 

and Z the corresponding hidden state sequence. 

Z = {Z(l), .... Z(K)}. 

where K is the total number of frames of the observation. 

Because the hidden dynamics Z(k) is missing, the Expectation-Maximization 

(EM) algorithm is adopted for the model parameter estimation. 

2.3.1 The joint probability 

The joint log likelihood of Z and 0 is defined as [39]: 

1 ~{ I 1 } L(Z. 010) = -- Li log IQI + elkQ- eh 
2 k=l 

-½ t {log IRI + e2~R-1e2k} + canst. (2.5) 
k=l 

where eh= Z(k) - <PZ(k - 1) - (I - <P)T and e2k = 0(k) - h(Z(k)). 

2.3.2 E-step 

According to the EM algorithm [36}, the Q-function is equal to 

Q(0I8) = E[L(Z, 010)10, 0} 
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(2.6) 

where Ea denotes the conditional expectation E[·IO, 0]. 

2.3.3 M-step 

In this step all parameters will be re-estimated. Let derivatives of the Q-function 

with respect to all those model parameters equal to zeros, we can get estimates for 

them. 

Estimates for covariances Q and R: 

Let"s first estimate the two noise <'ovariances. Q and R. (note: here Q is the covari­

ance of noise W(k-1). which is different from the Q-function in E-step). The partial 

derivatives of Q-function with respect to them are: 

8Q(Z,O.0) -aQ-1 

-

8Q(Z,O,0) 
f)R-1 

-

Let them equal to zero. we can obtain the estimates for Q and R, 

1 K 
Q = KL Eo[ehel~] 

k=l 

(2.9) 
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fl (2.10) 

Estimates for <P and T: 

Since <P and T are just related to elk in the Q-function, the partial derivatives of 

Q-function with respect to <P and Tare 4: 

and 

8Q(010) 
{jcp 

8Q(010) 
8T 

1 8 K , 
- K {)cp L Eo[elkelklO. <P. T] 

k=l 

11 ~ , , , , 
Q- K ~ Eo[-Z(k)Z(k - 1) + Z(k)T + TZ(k - 1) - TT 

k=l 

+<P(Z(k - l)Z(k - l}' - Z(k - l}T
1 

- TZ(k - 1)
1 + TT

1

)](2.ll} 

1 8 K , 
K {)TL Eo[elkekllO, <P. T] 

k=l 

l 1 ~ , , 
Q- K ~ Eo{-Z(k) + <P Z(k) + <PZ(k - 1) - <P <PZ(k - 1) 

k=l 

+ (I - <P - cp' - cp' <P)T} (2.12) 

Let them equal to zero. solve the two equations 5
• we obtain the estimates for <P 

and T: 

~ = (D -TA' - BT'+ NTT')(C -'i' A' - AT'+ NTT')- 1 (2.13) 

and 
T = _(l_-_<P_}-_1_( B_-_<P_A_) 

K 
(2.14} 

°'In the derivation. the following matrix calculus formulas are used: 81i;111 = xy', air;!'lfl = yx', 

and air' ·!':Av! = B 1 

Axy' + BAyx', where x and y are vectors. and A and B are matrices. 
"To make the system stable and realistic. all roots of ~ must be located within the unit circle 

and not be equal to zero 
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where 

K 

A= L Eo[Z(k -1)}, 
k=l 

K 

C = L Eo[Z(k - l)Z(k - l)'], 
k=l 

K 

B = L Eo[Z(k)], 
k=l 

K 

D = L Eo[Z(k)Z(k- l)'j. 
k=l 

22 

In Eqn.(2.14) the previous <P value is used. which results in the generalized EM 

algorithm. The calculation of those sufficient statistics, E0 [ Z ( k)], Eo [ Z ( k - 1) Z ( k -

1)'] and Eo[Z(k)Z(k - l)'], in A. B. C. and D will be given later. 

Estimate for the nonlinear function h( •) 

In this version the nonlinear function h( •) is implemented by two different neural 

networks. a multi-layer perceptron (MLP) and a radial-basis-function neural network 

(RBFNN). 

MLP case: For a multi-layer perceptron. three layers (input. hidden and output) 

are used. Suppose w;l is used to denote the MLP weights from input to hidden units 

and Wi; the MLP weights from hidden to output units, where l is the input node 

index. j the hidden node index and i the output node index. Then the output at 

node ·i is equal to 

J L 

hi(Z) = I: Wii • g;(L w;1 • Zl). 1 ~ i ~ I, (2.15) 
i=l l=l 

where I. J and L are the numbers of nodes at output, hidden and input layers, 

respectively. g; is the hidden unit's activation function, which is the standard sigmoid 

function 
1 

g(x)=---
1 + exp(-x) 

(2.16) 
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with its derivative 

g' ( X) = g( X }( 1 - g( X)). (2.17) 

So in this case the estimation of h( •) is equivalent to the estimation of w;z and 

Wii• To estimate w;z and Wi;, we have to take partial derivatives of the Q-function 

with respect to them. Since h( •) is only related to the e2k term in the Q-function, 

the derivatives become 

8Q(010) 
awi; 

8Q(010) 
8w;1 

ex 

ex 

8(Ef:1 Eo[{O(k) - h(Z(k))}'{O(k) - h(Z(k))}]) 
8~; 

8(f;f=1 Eo[{O(k) - h(Z(k))}'{O(k) - h(Z(k))}]) 
8w;1 

(2.18) 

(2.19) 

The calculation of expectation of the nonlinear function { 0( k )-h( Z ( k)) }' { 0( k )­

h( Z( k))} is very expensive. To make the algorithm more feasible. we adopt the 

following approximation. 

Eo[{O(k) - h(Z(k))}' {O(k) - h(Z(k))}] 

~ {O(k) - h(Eo[Z(k)])}'{O(k) - h(Eo[Z(k}])}. (2.20) 

The expectation is moved from the outside to the inside of the nonlinear function. 

By this approximation the normal MLP training algorithm (back-propagation) can 

be directly applied for the estimates of the weights. 

Hence. for the calculation of the estimated R in Eqn.(2.10) the expectation is 

also moved to the inside of the nonlinear function as well. 

R = ~ t {O(k) - h(Eo[Z(k)])}{O(k) - h(Eo[Z(k)])}' (2.21) 
k-1 

RBFNN case: If h( •) is implemented by a radial-basis-function neural network, 

it can be expressed as: 

h(Z(k)) = W • Y(k) (2.22) 
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where W is a matrix which is organized by the weights connecting the middle layer 

and the output layer. As depicted in Fig.(2.1), the ('i,j)-th element of W is the 

connecting weight between node -i in the output layer and node j in the middle layer. 

Y(k) is a vector. which is equal to 

Y(k) = [Y1lZ(k)), Y2(Z(k)), • • •. y;(Z(kJ), • • •. YJ(Z(k))j, (2.23) 

where Y;(Z(k)) is the output of the j-th radial-basis-function (or kernel function) in 

the middle layer. 

Here Gaussians are chosen for the kernel functions. 

(2.24) 

h1 hz hj h1 
Output layer 0 0 0 0 

h(Z(k) 

!/// ~ 
Middle layer QY1 QYz .. .. QYj OY·+1 QYJ J • ' ' • 

w 

Y(k) 

~ 7 
Input layer 0 .... O 0 Z(k) 

Figure 2.1: A radial-basis-function neural network 

Then, for the RBFNN three sets of parameters have to be estimated, they are 

the weights W. the kernel centersµ; and the kernel width ~; (j = 1. 2, .... J). 

To estimate W. set the partial derivative of the Q-function with respect it to zero 

(Note: just the term e2k in the Q-function. Eqn.(2.6), is related to W) 

aQ(Z, OIS) = °E Eo[R-1(O(k) - WY(k)) Y(k)'] = 0 (2.25) 
aw k=i 
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Solve it. we have 

W = {t. 0( k) Eo [Y( k) ]'} {t. Eo[Y( k )Y( k )1 }-
1 

(2.26) 

To estimateµ; and E; (j = 1. 2. • • •, J), we should follow the same way, letting 

the derivati...-es of the Q-function with respect to them equal to zeros. sohug the 

equations and getting the solutions. However, the derivatives are high-order (more 

than three) nonlinear functions. close-form solutions can not be obtained for µ; and 

E;. To make the algorithm feasible. a separate EM algorithm is used for the training 

of the centers and widths of RBFNNs, which is given in [74]. We make a similar 

approximation to that in the MLP case. moving the expectation to the inside of the 

nonlinear function. But in this case the nonlinear function is not the whole h( ·) 

function. it is just a part of the h( •) function. the radial-basis-functions. 

Replacing the estimated W into Eqn.(2.10), we get 

1 K K 
fl= K(L O(k)O(k)' - W L Eo[Y(k)]O(k)') 

k=l k=l 

(2.27) 

The expectations in Eqn.(2.26) and (2.27), Eo[Y(k)] and Eo[Y(k)Y(k)'] are 

implementable. They are calculated according to the following equations (Deriva­

tions are given in appendix B). 

where 

1 I -1 • I -1 • 
d;.1: - -2[µ;E; µ; + Z.1:1NEk/NZk/N 

- (E";-1µ; + E-;;,~z.1:,Nl'(E-;-t + E-;;,~)-1(E11µ; + E-;;,~z.1:1Nn 

and 
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where 

where Zk/N and 'Ek/K are the smoothed mean and covariance at time k. 

2.3.4 Calculation of the sufficient statistics 

To estimate state variables from observations. Kalman-type filters [93, 94] can be 

used. Because of the nonlinearity of function h( •) in Equation (2.2), the extended 

Kalman filter is applied and the Jacobian matrix of h( •) will also be used. 

For our estimation problem. the extended Kalman filter takes the following form: 

Forward recursion ( or Kalman filtering) : 

Zklk-1 - <P.Zk-llk-1 + (I - <P)T (2.30) 

"E,klk-1 - cp"E,k-llk-1 cp + Q (2.31) 

Qk - O(k) - h(Zklk-d (2.32) 

r, -o,. Hzcklk-1Jr,klk-1H~<klk-1) + R (2.33) 

Kk ' -1 (2.34) - r,klk-1 H zcklk-1J ('Ea,.) 

Zklk .iklk-1 + Kk6k (2.35) 
I 

(2.36) "E,klk - 'Eklk-1 - Kk'Ea,. Kk 

where Ok and 'Ea,. are the mean and covariance of the innovation sequence at time 

k. Hzcklk-l} is the Jacobian matrix of h(•) at point Zklk-l· 
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If h( •) is implemented by a three-layer MLP, its Jacobian matrix is computed as 

follows. The (i, l)-th element of the Jacobian matrix is 

J 

Hz(-i. l) = L {Wi; • g;(y) • (1 - g;(y)) • W;i}, 1 $ -i $ I, 1 $ l $ L, (2.37) 
j=l 

If h( ·) is implemented by a RBFNN. its Jacobian matrix is equal to 

Hz=W• 

Y1(Z(k)) • (Z(k) - µi)' • Ei'"1 

Y2(Z(k)) • (Z(k) - µ2)' • E21 

YJ(Z(k)) • (Z(k) - µJ)' • E:,1 

Backward recursion ( or Kalman smoothing) [93] : 

Ak = 
, 1 

Eklk~ (Eklk-d-

ZklK = zklk + Ak[zk+llK - zk+11kl 

EklK = Eklk + Ak[Ek+llK - Ek+ilk,m]A~ 

(2.38) 

(2.39) 

(2.40) 

(2.41) 

Based on the Kalman smoothing results above. the three expectations needed for 

the parameter estimates are equal to 

Eo[Z(k - 1)] = Zklk 
, 

Eo[Z(k - l)Z(k - 1)] 
. . , 

= EklK + Zk1K(Zk1K) 

Eo[Z(k - l)Z(k - 1)
1
] = 

. . , 
Ek,k-llK + zk1K(Zk-11K) 

where Ek.k-llK is recursively calculated by (40] 

for k = K. • • • . 2. where 

(2.42) 

(2.43) 

(2.44) 

(2.46) 
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2.4 Parameter learning for multiple tokens 

For multiple tokens, the joint log-likelihood is written as the summation of the log­

likelihoods of each individual token (assume the independence between them). 

N 
L({Z,O}Ni0) = I: L(zn,Onl0) (2.47) 

n:l 

where N is the total number of tokens, zn and on are the state-variables and ob­

servations corresponding to then-th token, {Z, O}N is the joint set of all zns and 

ans 

Following the same logic used for the single token case. we obtain the following 

estimates: 

For Q and R: 

For <P and T: 

Q = L~=l I;f,:1 Eo[elkelf] 

L~=l Kn 

R = L~=l I:f~'i Eo [ e2;:e2f] 
I:~1Kn 

N N 

(2.48) 

(2.49) 

i = (D -TA' - BT'+ L KnTT')(C - TA' -AT'+ L KnTT')-l (2.50) 

and 

where 

n=lk=l 

N Kn 

n=l 

C =LL Eo[zn(k - l)zn(k- 1)'], 
n=l k=l 

n=l 

N Kn 

B = LL Eo[Zn(k)], 
n=lk=l 

N Kn 

(2.51) 

Jj =LL Eo[Zn(k)Zn(k- l)']. 
n=lk=l 
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2.5 Likelihood computation 

The log-likelihood of a sequence of observations produced by a model 0 is defined 

as [94. 93]: 

£{010) = logp(O(lL 0(2), • • •. O(K)l0) 

For HMM it is equal to the following summation because of the i.i.d. assumption 

among observations. 
K 

£(010) = I)ogp(O(k)l0) (2.53) 
k=l 

However. for our dynamic model the i.i.d. assumption doesn't exist any more and 

the observations are correlated with each other. How to calculate Eqn. (2.52)? It is 

calculated from the innovation sequence. The innovation sequence is generated by 

the Kalman filter. The Kalman filter can convert the correlated observation sequence 

into the uncorrelated innovation sequence, so the likelihood can be calculated from 

innovation sequence easily. As given in Eqns. (2.30) to (2.36), the Kalman filter is a 

recursive algorithm. it recursively produces the innovation sequence. Input 0(1), it 

produces 01 ; 0(2), 02 ; and so on, as illustrated in Fig. 2.2. 

Kalman Filtering Process 

t • If It t I I I Io 

01 -- --- ---
Figure 2.2: A diagram to show how KF generates the innovation process 

The innovations are usually Gaussians or approximated by Gaussians, 
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So Eqn.(2.52) can be written as 

(2.54) 

where Ok and ~61r are the mean and covariance of the innovation sequence at time 

k. 

The new model hence gets rid of the HMM's limitation of i.i.d. assumption of 

observations. 

2.6 Implementation of the continuity constraint 

on the dynamics 

The continuity of VTR dynamics is physically required for this new dynamic model. 

For either training or recognition (re-scoring). the VTR dynamics in a whole utter­

ranee must move continously from the beginning to the end. 

In both the parameter training and likelihood compuation. the KF algorithm is 

required. The KF is a recursive state estimation algorithm. As listed in Eqns. (2.30) 

- (2.36), the state estimate at previous time point k - L Zk-tik-1 and ~k-llk-1• is 

used as the initial values for state estimation at current time point k. 

To implement the continuity property of VTRs, the following strategy is adopted. 

When the dynamics switches from the previous phone to the current phone (model 

parameters will change), the state estimates at the last point of previous phone is 

used for the initial values for the state estimation at the first point of the current 

phones. By this way. the dynamics is enfored to go continuously from one phone to 

the next phone. 
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This continuity constraint is of importance for the new dynamic model. To some 

extent it is responsible for the phone context-dependence. It makes the search for 

the dynamic model a big problem, which will be elaborated in Chapter 5. 

2. 7 Evaluation Experiments 

In this section. a series of experiments for the evaulation of the new statistical dy­

namic model on Switchboard database will be reported. 

2.7.1 Experiment design 

In all the experiments we use the spontaneous Switchboard data to evaluate the new 

dynamic model. 

Experimental paradigm 

We choose the N-best list re-scoring paradigm to evaluate the new recognizer in all 

the following experiments. The reason why this re-scoring methodology has been 

chosen is that efficient decoding algorithms are not available at this earlier stage. So 

the integration of the new model's scoring module into the lattice search paradigm 

is impossible. 

In order to focus on acoustic modeling issues we ignore language model( LM) 

scores. LM itself is a research topic. Any improvements due to LM effects. should 

however be equally applicable to the new system. 

The 100-best list of word transcription hypotheses and their phone-level segmen­

tation (i.e .. alignment) are obtained from a conventional triphone-based HMM 
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Physically, a phone VTR dynamic boundary is ahead of its phonetic ( or HMM) 

boundary. In all the following experiments except specially mentioned, the phone 

dynamic boundaries are sub-optimally derived from their HMM phone boundaries. 

The derivation is carried out by setting the starting point of the current phone's 

VTR dynamics at the middle point of the previous phone's HMM segment. By 

investigating spectrograms of many Switchboard utterances, we found that the above 

setting is accurate for most cases. In Chapter 5, We will specially deal with the 

optimization of the dynamic regime boundaries. 

Generation of the N-best lists 

The 100-best hypotheses for each utterance in the Switchboard test set .. test-ws97-

dev-l" are generated by a state-of-the-art HMM system. The HMM system was 

developed for the Workshop'97 6 , we name it "ws97-baseline" system. It has been 

described in some detail in [70, 67]. Briefly, the system has word-internal triphones 

clustered by a decision tree, with a bigram language model. The system has been 

trained on "train-ws97-a" Switchboard data set, which consists of about 160-hour 

spontaneous data. 

The total number of parameters in the HMM system is approximately 3.276.000 

that can be broken down to the product of: 1) 39, which is the MFCC feature vector 

dimension: 2) 12. which is the number of Gaussian mixtures for each HMM state; 3) 

2. which includes Gaussian means and diagonal covariance matrices in each mixture 

component: and 4) 3.500, which is the total number of the distinct HMM states 

clustered by the decision tree. 

With bi-gram language model used, the "ws97-baseline" system achieves about 

6see http: //www.clsp.jhu.edu/ws97 /ws97.general.html) 
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48% word error rate (WER) on the Switchboard test set "test-ws97-dev-l". This 

system will also serve as the benchmark system to gauge the recognizer performance 

improvement via use of the new speech model in some of the experiments in later 

chapters. 

Selection of training and test data 

For training, in these earlier experiments, we want to make the situation simple, so 

just a single speaker's data (speaker ID: 1028) is extracted from the Switchboard 

training set "train-ws97-a" as training data. It consists of several telephone conver­

sations and a total of 30 minutes of the data. Due to the use of only a single speaker. 

we avoid normalization problems for both the VTR targets and for the MFCC ob­

servations. On the other hand, the small amount of data enables the training to be 

finished within an endurable time. It takes much time to train the nonlinear func­

tions. which occupies most of the training time. We name this training set "1/2 

hour" training set. 

A HMM system is also trained on this small amount of training set. We call 

it "HMM baseline" system. which will serve as the benchmark system in all the 

experiments. 

For test. all the male speakers from the 44test-ws97-dev-l" test data are selected. 

It results in a total of 23 male speakers comprising 24 conversation sides ( each side 

has a distinct speaker), 1243 utterances (sentences), 9970 words, and 50 minutes of 

speech as the test data. All the 100-best hypotheses for each of those utterances 

have been generated by the "ws97-baseline" HMM system. 

Without language model scores, the 100-best re-scoring results of the two HMM 

systems on the above test set are listed in Table 2.1. The "Oracle" and 44fly chance" 
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performances are also shown in the table to calibrate the recognizer's performance. 

The '"Oracle" WER is calculated by always choosing the best one hypothesis and the 

··By chance" WER is computed by randomly picking up one out of all hypotheses. 

""100 best" column means re-scoring results on 100-best lists and '-Ref+lO0" column 

re-scoring results on 100-best lists and the reference. 

systems Ref+lO0 100 best 

Oracle 0.0 32.5 

By chance 59.6 60.2 

/ HMM-baseline II 56.1 58.9 

I ws97-baseline II 56.2 56.9 

Table 2.1: Performance (WER) of the two HMM systems 

2. 7.2 Design parameters of the new recognizer 

First. we choose a total of 42 distinct phone-like symbols, including 8 context de­

pendent phones, each of which is intended to be associated with a distinct three­

dimensional (Fl, F2, and F3) vector-valued target (Ti) in the VTR domain. The 

phone-like symbol inventory and the VTR target values used to initialize the model 

training discussed in Section 3.1 are shown in Tables 1 and 2, one for context­

independent symbols and the other for context-dependent ones. 

A total of eight phones in Table 2 are made context dependent in the recognizer 

because their target VTRs are affected by the anticipatory tongue position associated 

with the following phone. The targets of a phone with subscript f (such as b1) are 

conditioned on the following phones being front vowels ( iy, ih, eh, ae, and y). The 



CHAPTER 2. A STATISTICAL DYNAMIC MODEL 35 

J Units J VTRl(Fl) J VTR2(F2) J VTR3( F3) II Units J VTRl j VTR2 j VTR3 j 

aa 0.730 1.090 2.440 d 0.180 1.800 2.700 

ae 0.660 1.720 2.410 t 0.180 1.800 2.700 

ah 0.640 1.190 2.390 s 0.250 1.900 2.700 

ao 0.570 0.840 2.410 th 0.250 1.300 2.500 

ax 0.500 1.500 2.500 z 0.250 1.900 2.700 

eh 0.530 1.840 2.480 zh 0.250 1.900 2.500 

uh 0.440 1.020 2.240 sh 0.250 l.900 2.500 

uw 0.300 0.870 2.240 db 0.250 1.300 2.500 

er 0.490 l.350 1.690 n 0.250 1.800 2.700 

ih 0.390 1.990 2.550 en 0.500 1.500 2.500 

iy 0.270 2.290 3.010 

I 0.450 1.060 2.640 

el 0.450 1.000 2.700 

r 0.460 1.240 1.720 

w 0.350 7.70 2.340 

y 0.360 2.270 2.920 

Table 2.2: Context-independent units and their VTR target values (in unit of khz) 

used to initialize model training 

targets of a phone without the subscript are conditioned on the following phones 

being the remaining phones. The initial VTR target values in Tables 1 and 2 are 

based on the Klatt synthesizer setup [72], and are slightly adjusted by examining 

some spectrograms of the Switchboard training data. 

2.7.3 Experiment I: using class MLPs 

This is the earliest version of the dynamic model which was evaluated in the Work­

shop ·97 held in John Hopkins University. In this version we used tied MLPs to 

implement the VTR-to-MFCC mapping. Unlike the target and system matrix pa­

rameters which are phone dependent, we tied the MLPs approximately according to 
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Units VTRl VTR2 F3 VTR3 Units VTRl VTR2 F3 VTR3 

b 0.180 1.100 2.300 &, 0.180 1.800 2.300 

g 0.180 1.500 2.200 9/ 0.180 2.200 2.800 

k 0.180 1.500 2.200 k I 0.180 2.200 2.800 

p 0.180 1.100 2.300 Pt 0.180 1.800 2.300 

r 0.250 1.100 2.300 ,, 0.250 1.800 2.300 

m 0.250 1.100 2.300 m1 0.250 1.800 2.300 

ng 0.250 1.500 2.200 ngl 0.250 2.200 2.800 

V 0.250 1.100 2.300 v, 0.250 1.800 2.300 

Table 2.3: Context-dependent units and their VTR target values (in unit of khz) 

used to initialize model training 

the distinct classes of manner of articulation ( and voicing) 7 By not tying all phones 

into one single MLP. we also ensure effective discrimination of phones using differ­

ential nonlinear mapping (from the smoothed physical VTR state variables to the 

MFCCs) even if the VTR targets are identical for different phones (a few phones 

have nearly identical VTR targets). The ten classes resulting from the tying and 

used in this version are: 

1) cJ.W. ay. ey. ow. oy, aa, ae. ah. ao, ax. ih, iy, uh. uw. er. eh, el; 

2) I. w. r. y: 3) f. th, sh; 4) s, ch; 

5) v. dh, zh: 6) z. jh; 7) p. t, k; 

8) b. d. g; 9) m, n, ng, en; 10) sil. sp. 

For each of the ten distinct MLPs, we used 100 (nonlinear) hidden units, three 

(linear) input units, and 12 (linear) output units. This gives a total of 10 x 100 x 

(3 + 12) MLP weight parameters. 

The results are listed in Table 2.4. For convenience. in Table 2.4, the --by chance~ 

and "HMM-baseline" results are also given. 

7Why tied MLPs were used and How they were tied have been explained in detail in [67, 4] 
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systems Ref+lO0 100-best 

By chance 59.6 60.2 

HMM baseline 56.1 58.9 

tied MLP version ( fixCov) 49.6 60.1 

I tied MLP version (trnCov) II 55.5 59.1 

Table 2.4: Performance (WER) comparison of the new model with tied MLPs and 

benchmark HMM system 

In Table 2.4. "fixCov" indicates that the system's noise covariances. Q and R. 

are fixed by experience and "tmCov"' indicates that the covariances are trained from 

data. 

For the system with noise covariances fixed by hand. for the "Ref+lO0" case. the 

VTR recognizer performs significantly better than the benchmark HMM recognizer. 

which is slightly better than the chance performance. For the "100-best" case. the 

VTR recognizer performs nearly the same as the chance. and slightly worse than the 

benchmark HMM recognizer. This contrasts sharply with the superior performance 

of the VTR recognizer when it is exposed to references. 

A reasonable explanation for this phenomenon is that the long-span context­

dependence property of the VTR model naturally endows the model with the capa­

bility to "lock-in., to the correct transcription and it at the same time increases the 

tendency for the model to "break-away" from partially correct transcriptions due to 

the influence of wrong contexts. Since nearly all the hypotheses in the N-best list 

contain a large proportion of incorrect words. they affect the matching of the model 

to the remaining correct words in the hypotheses through the context-dependence 

mechanism much stronger than the conventional triphone HMM. It is an error prop-
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agation problem for the new dynamic model. 

For the system with noise covariances trained, for the cases with references in­

cluded the performances are worsened significantly, but for the cases without refer­

ences included the performances are improved slightly. It demonstrates that the new 

model is sensitive to the noise level. That is why the noises are fixed by hand during 

the earlier work [67, 3]. To make the new model more realistic, the noise covariances 

will be automatically trained in all the following experiments. 

2. 7.4 Experiment II: using more MLPs 

During the earlier evaluation experiments we found that the prediction errors of 

the MLPs were much larger than we originally expected. In Fig. 2.3 the solid line 

shows the average MLP prediction error of the tied MLP version changing with EM 

training iterations. After training ( 4 EM iterations) the average prediction error is 

about 220. It is large. 8 It means that we didn't have an accurate function to 

describe the relation between the hidden dynamic space and the observation space. 

How does the prediction accuracy affect the system performance? To investigate 

it. we have carried out the following experiments to gradually increasing the number 

of MLPs used. hoping to decrease the prediction error. First. we get rid of those 

tied MLPs and build one MLP for each individual phone. We name it "phone MLP 

version". The dashed line in Fig. 2.3 showes its prediction error changing with EM 

iterations. Compared with "tied MLP version". the average error, as expected, goes 

8The prediction error is calculated according to 

d I:~-1 I:f-=1 IOn(k) - h(Zn(k)l2 

pre ..err= ,:,; 
I:~=1Kn 

where N is the number of tokens and Kn is the length (frames) of the n-th token. 12 MFCC 

coefficients are used here, so one can guess what the prediction difference is on each coefficient. 
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Figure 2.3: Average MLP prediction errors for different versions 

down from 220 to about 160 after training. At the same time the system performance, 

which is listed in Table 2.5, is improved, but very limitedly (about 1 %). 

systems Ref+lO0 100-best 

tied MLP version 55.5 59.1 

phone MLP version 54.1 58.2 

256 sub-MLP version 54.5 57.9 

512 sub-MLP version 55.7 58.9 

Table 2.5: Re-scoring performance (WER) of the systems with multiple MLPs 

Second, we go further step to separate, using VQ algorithm, the whole observation 

space into 256 and 512 sub-spaces. Each of these sub-spaces is described by one MLP. 

By this way we are expecting much less prediction errors. However, on the other 

hand. we are also taking the risk of losing some distinguishable information because 

we are separating the space by a data-driven approach rather than accoring to the 

phonetic property ( or the articulation manner). We name these two versions ""256 

sub-MLP version" and '"512 sub-MLP version". 

The dashed-dotted line in Fig. 2.3 showes the average prediction error for the 
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"256 sub-MLP version" and the dotted line for the "512 sub-MLP version". The 

average prediction error is further decreased to about 110 in the "256 sub-MLP 

version" and to about 85 in the "512 sub-1\iLP version" version. However. compared 

with the "phone MLP version", the system performances, which are listed in Table 

2.5. are not improved at all, they are even worsened. The reason is probably that 

more distinguishable information has been lost during the data-driven sub-space 

separation process, which is not able to be compensated by the reduced prediciton 

error. Therefore, it is not the direction we are going to explore farther. 

By this set of experiments, we conclude: 

• The relation between the hidden dynamic space and the acoustic space is .highly 

complicated. Even with 512 sub-space MLPs we still have a large prediction 

error ( about 85). 

• A more accurate description of the nonlinear relationship between the hidden 

space and acoustic space is not the most important issue for the new model at 

current stage. 

2. 7.5 Experiment III: using phone RBFNNs 

In experiment II, we have observed that the MLP prediction error is not an im­

portant issue for the new model at current stage. So, in this experiment we go to 

investigate another issue, using other kinds of nonlinear functions rather than MLPs 

to implement the h( •) in the measurement equation. 

Radial-basis-function neural networks(RBFNN) are considered to be able to ap­

proximate nonlinear functions more smoothly than MLPs (74]. So Jacobian matrices 

of RBFNNs should vary more smoothly than those of MLPs. In the extended Kalman 
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filter algorithm listed in section 2.3.4 the Jacobian matrix is an important factor. So 

in this experiment we replace the MLPs with RBFNNs to check how it affects the 

system behavior. Since the '"phone MLP version" turns out the best performance 

among all the former experiments, we build one RBFNN for each individual phone 

in this experiment. We call it '"phone RBFNN version". 

The re-scoring results are listed in Table 2.6. For convenience, the results for 

··phone MLP version"' and '"HMM-baseline" are also listed in the table. Compared 

with the "phone MLP version", limited improvement (less than 1 % ) is obtained. It 

implies that the smoothness of nonlinear functions indeed affects the system behavior. 

but the influence is again limited. 

systems Ref+lOO 100-best 

phone RBFNNs 53.4 57.9 

phone MLPs 54.1 58.2 

HMM baseline 56.1 58.9 

Table 2.6: Re-scoring performance (WER) of the systems with phone RBFNNs and 

phone MLPs 

Compared "phone MLP version" and '"phone RBFNN version" with the HMM 

baseline system, they both turn out better performance no matter if the references are 

included or not. Although the improvement is limited, it demonstrates the promise 

of this new model. 

From this experiment, we observe: 

• The new dynamic model is promising. 
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• Different nonlinear versions do not turn out much difference on the system 

performance. It motivates the work in the following chapter. 

2.8 Conclusions 

The spontaneous speech process is a combination of cognitive (linguistic or phono­

logical) and physical (phonetic) sub-processes. The new statistical coarticulatory 

dynamic model presented in this chapter focuses on the physical aspect of the spon­

taneous speech process. where a main novelty is the introduction of the VTR as 

the internal. structured model state (continuous-valued) for representing phonetic 

reduction and target undershoot in human production of spontaneous speech. 

The continuity constraint imposed on the VTR state across speech units as im­

plemented in the model is physically motivated. Such continuity is not valid in the 

acoustic domain because of the nonlinear, "'quantal" nature of the distortion in the 

peripheral speech production process [73], and in order for the model to ultimately 

score on the acoustic domain, we explicitly represent the nonlinear distortion as a 

model component integrated with the VTR dynamic component. With the complex 

model structure formulated mathematically as constrained, nonstationary, and non­

linear dynamic system, a version of the generalized EM algorithm has been developed 

and implemented for automatically learning the compact set of model parameters. 

A series of evaluation experiments have been carried out using the recognizer 

built from the new speech model and using the spontaneous speech data from the 

Switchboard corpus. The promise of the new recognizer is demonstrated by showing 

its superior performance. over a benchmark HMM system under similar experimental 

conditions. 

The impact of accuracy and smoothness of the nonlinear function h( •) on the new 
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model's performance has been investigated by running a series of experiments. The 

results show that the impact is limited and imply that they are not the important 

aspects we should focus on at current stage. It motivates the work in next chapter. 



Chapter 3 

A New Version of the Statistical 

Dynamic Model: A Mixture 

Linear Dynamic Model 

In this chapter. a new version for the dynamic model. a mixture linear dynamic 

model (MLDM). is developed and evaluated, where several linear dynamic models 

are combined to represent different VTR dynamic behaviors and the mapping re­

lationship between the VTRs and the observations. Each linear dynamic model is 

formulated as a state-space model. where the state equation is the same as before, 

but the measurement equation becomes a linear regression function that approxi­

mates the nonlinear relationship between the VTRs and the observations. A version 

of the generalized EM algorithm [37] has been developed for the learning of the model 

parameters, where a constraint that the VTR targets change at the segmental level 

( not at the frame level) is imposed on the parameter learning algorithm. A set of 

speech recognition experiments are carried out to evaluate the new model using the 

N-best re-scoring paradigm in a Switchboard task. 

44 
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3.1 Motivation 

Physically the relation between the hidden dynamic (VTR) space and acoustic space 

(MFCC) is nonlinear. That is why we used the nonlinear functions (MLPs and 

RBFNNs) to approximate it in the previous chapter. However, by running a series 

of experiments we found: first, the relation between the two spaces is a highly com­

plicated one, it is difficult to approximate it accurately: second, the accuracy and 

smoothness of the nonlinear function just have limited influence on the new model's 

performance. Different nonlinear models don ·t turn out much difference. This ob­

servation makes me to try a linear model to check what we benefit from the use of 

nonlinear models. 

A most straightforward linear method is to use a linear regression function to 

implement the h( •) function in the measurement equation. while keeping the target­

directed, linear state dynamics of the state equation intact. This gives the measure­

ment equation of the state-space model as follows: 

O(k) =a+ HZ(k) + V(k) (3.1) 

which can be re-written as 

O(k) = H Z(k) + V(k) (3.2) 

where H = [a, H] and Z(k) = [l, Z(k)']', a is a vector and H a matrix. ( Note: the 

dot here doesn't denote differential sign.) 

Hence. each phone is modeled by the following linear dynamic model (LDM). 

Z(k) - <f?Z(k -1) + (I - <f?)T + W(k - 1) 

O(k) H Z(k) + V(k) 

(3.3) 

(3.4) 
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The re-scoring results for this version, named "'phone LDM version", are listed in 

the bottom line of Table 3.1. Compared with those of the versions using MLPs and 

RBFNNs (also shown in the table), the performance of the LDM version is worsened. 

It implies that we do benefit from the using of the nonlinear models, MLP version 

an<l R.BFNN version. Bnt the henefit is very limite<l (l % or 2%). 

systems Ref+lO0 100-best 

phone MLP version 54.1 58.2 

phone RBFNN version 53.4 57.9 

phone LDM version 55.7 58.9 

Table 3.1: Performance (WER) Comparison of nonlinear and linear systems 

This comparison result surprises us somewhat in terms of the improvement on the 

system performance. The main reasons are probably due to the approximations made 

in the nonlinear system design. The use of the nonlinear function causes difficulties 

in state estimation. and specifically, in computation of the conditional expectation 

of the nonlinear function. One approximation was made in the M-step of the EM 

algorithm for the estimation of the h(•) (Eqn.(2.20)): 

E[h(Z(k))] ~ h(E[Z(k)]) 

which moves the expectation from the outside to the inside of the nonlinear func­

tion. The other one is the nonlinear filtering algorithm used due to the nonlinearity. 

While there are many nonlinear filtering approaches already developed to cope with 

the nonlinearity by employing approximation, the effect of approximation has been 

poorly understood, especially for the current model of speech. In the previous chapter 

we adopted the iterated extended Kalman filtering (EKF) algorithm to approximate 
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the sufficient statistics of the hidden states, as was required in the M-step of the EM 

algorithm. However, once the nonlinear observation equation is replaced by a linear 

one, we no longer need the above two approximations. Nevertheless, the relationship 

between the VTR hidden space and the acoustic (MFCC) space, which is physically 

nonlinear. is approximated by a linear function. 

It appears that the effectiveness in learning the linear model parameters has 

adequately compensated for its weakness in representing the nonlinear relationship 

between the VTR and the MFCC spaces by the linear approximation with apparent 

low accuracy. 

One way of improving modeling accuracy while maintaining effectiveness in model 

learning is to extend the linear dynamic system model discussed above to its mixture 

version. That is. rather than using one single set of model parameters to characterize 

each phone, we can use multiple sets of model parameters. The multiple mixtures 

will be responsible for speech systematic variations. This gives rise to the mixture 

linear dynamic model reported in this chapter. 

3.2 A Mixture Linear Dynamic Model (MLDM) 

The VTR dynamics and the resulting measurable acoustic dynamics. whose pa­

rameters are distinct for each separate phone. are represented mathematically by a 

combination of a set of linear dynamic models (LDM). This is called the mixture 

linear dynamic model, which can be written succinctly in the following form: 

M 

L 1t"m•LDMm (3.5) 
m=l 

where M is the total number of linear dynamic models ( or mixtures) for each phone, 

7rm is the mixture weight and LDMm is them-th LDM, which is expressed in the 
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same state-space form as given in Eqn.(3.3) and (3.4) except that the parameters are 

indexed by m, 

Z(k) - tmZ(k - 1) + (I - tm)Tm + Wm(k - 1) 

O(k) HmZ(k) + Vm(k) 

where Wm(k) and Vm(k) have covariances Qm and Rm respectively. 

For this version. the model parameters include: 

8 = {n-m, tm, Tm, Qm, Rm, Hm, m = 1. 2 ..... M}, 

where each of the parameters is indexed by the mixture component m. 

3.3 An Important Constraint 

(3.6) 

(3.7) 

An important constraint. which we call mixture-path constraint. must be imposed 

on the above mixture linear dynamic system model. That is. for each sequence of 

acoustic observation associated with a phone, being either a training token or a test 

token. it is constrained to be produced from a fixed mixture component. m. of the 

dynamic model. This means that the target of the VTR in a phone is not permitted 

to switch from one mixture component to another at the frame level 1 . The constraint 

of such a type is motivated by the physical nature of the speech model - the target 

which correlates with the phonetic identity is defined at the segment (phone) level. 

not at the frame level. For example. suppose there are two mixtures for a phone. 

each has different targets and _.time constants". So they turn out different dynamics 

which are depicted in Fig. 3.1. If a sequence of observations chooses mixture 1 at 

the beginning, it must follow the dynamics of mixture 1 to the end of the segment. 

it is not allowed to switch to mixture 2 during that segment. 

1This same mixture-path constraint has been imposed on the mixture trended HMM; see (55]. 
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Figure 3.1: An example to show the mixture-path constraint 

Use of segment-level mixtures is intended to represent the sources of speech vari­

ability including speakers· vocal tract shape differences and speaking-habit differ­

ences. etc. This constraint must be imposed on both the model training and likeli­

hood computation processes. 

3.4 Parameter Estimation Algorithm 

One principal contribution of this chapter is the development of the parameter esti­

mation (or learning) algorithm, which allows automatic determination of all parame­

ters of the mixture linear dynamic system model discussed above from a given set of 

training data. The algorithm developed is based on the Expectation-Maximization 

(EM) principle for maximum likelihood. 

To proceed the development of the parameter estimation algorithm, we first define 

a discrete variable X, which indicates the observation-to-mixture assignment for 

every sequence of observation. For example, for a give sequence of observation of a 

phone. if X = m. ( 1 ~ m ~ M), it means the m-th mixture model is the true one to 

generate that observation. For simplicity purposes, we will use m to denote X = m. 

To impose the mixture-path constraint on the training algorithm, we must define 
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the joint variable at segment level. Suppose there are N training tokens for a phone. 

We define a joint variable as 

where on. zn and xn are the n-th training token, its corresponding hidden stat~ Sf>­

quence, and its corresponding mixture assignment, respectively. All discrete random 

variables xn. ( 1 $ n $ N) are assumed to have an identical distribution. We assume 

further that the N tokens are independent of each other. 

The EM algorithm described in this section treats Z and X as missing data. and 

treat measurements O as observation or training data. The development of the EM 

algorithm described below consists of several steps. First. we develop an explicit 

expression for the joint probability density function (PDF) of the observation and 

missing data. We also develop an expression for the mixture weighting factor. These 

expressions are then used to compute the conditional expectation as required in the 

E-step of the EM algorithm. This conditional expectation is expressed as a function 

of a set of sufficient statistics computed from the linear Kalman filter. Finally, re­

estimation formulas are derived using the conditional expectation in the M-step of 

the EM algorithm. 

3.4.1 The joint PDF of observation and missing data 

Due to the token-independence assumption, the joint PDF of observation and missing 

data {O.Z,X}N, given the parameter set 0, can be written as 

N 
p({O,Z,X}Nl0) = Ilp(On,zn.xn10) 

n=l 

N 

- II p(On, zn1xn. 0) P(I'IE>) (3.8) 
n=l 
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In Eqn.(3.8), p(On,zn1xn,0) is the conditional joint PDF of on and zn given 

that mixture component is fixed. It can be further expressed as [39] 

Kn 

p(On, zn1xn. 0) = p(z;1xn, 0) II p(z;1z;_1, xn, 0) p(o;:1z;, xn' 0) (3.9) 
k=l 

where Kn is the total number of frames of the nth training token (MFCC sequence), 

p( Z0 I xn. 0) is the distribution of initial value of the hidden dynamics at time k = 0 

given the mixture component. Let xn = mn, (1 $ mn $ M), and for nota­

tional clarity. we drop 0 and use p(ZtmnlZf-1,mn) and p(O,:IZfmn) to represent 

p( zr I zr-1. xn' 0) and p( o,: I zr. xn' 0 L respectively. We then have 

Kn 

p( on. zn,xn. 0) = p(Z;lmn) II p(Zk,mn IZk-1.m") p(Oi:IZk.m") (3.10) 
k=l 

Substituting this into Eqn.(3.8), we obtain the conditional joint PDF { 0. Z. X}N 

of the explicit form: 

p({O.Z.X}Nl0) 

- b. {p( z; Im") lg, p( Z..m• I Z.-1,m•) p( o; IZ..m•) l P( m ·10)} ( 3.11) 

3.4.2 Computation of the mixture weighting factor 

The conditional joint PDF for { 0, X}N is 
N 

p({O,X}Nl0) = IIP(on1xn,0)P(I'l0) 

N 
- II p(Onlmn, 0)P(mnl0) 

n=l 

The PDF for the observation sequence is 

N M 

p({O}Nl0) = II L p(on,xn,0)P(Xnl0) 
n=l Xn=l 

N M 

- II LP(Onll,0)P(ll0) 
n=l l=l 

(3.12) 

(3.13) 
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In the above equation, all Xn(l $ n $ N) follow an identical distribution so we use 

one common variable l to replace them. 

The conditional PDF of {X}N given {O}N is 

p( {X}Nl{O}N, E>) 

p({O,Xf'jE>) 
p({O}NIE>) 

IT~1 p(Onlmn, E>)P(mnlE>) 

rr~=l E~1p(Onl/, E>)P(llE>) 
N 

- IT w::in 
n=l 

where we define the (token-dependent) mixture weighting factors to be 

(3.14) 

(3.15) 

The mixture weighting factors have two notable properties which we will use 

later. First. they sum to unity: E!;"=l w::in = 1. Second, they satisfy: 

L p({X}Nl{O}N.E>) =w::in, 
{X}•v/X" 

where { ..,x'}N I xn means the set of { X}N excluding xn. 

3 .4.3 E-step 

(3.16) 

Given the various PDF's computed above. we are now in a position to derive an 

iterative EM algorithm for parameter estimation. For the MLDM presented in this 

chapter. both { Z}N and { X}N are treated as missing data. The Q-function in the 

E-step of the EM algorithm is computed below as the conditional expectation over 

the missing data [36. 41]: 
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Q(018) 

= L J logp({O,Z,X}Nl0) ·p({Z,X}Nl{O}N,e) d{Z}N 
{X}N 

= ~ f logp({O.Z,X}Nl0) ·p({Z}Nl{O,X}N,8) d{Z}N 
{X}N 
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• p({X}Nl{O}N. 8) (3.17) 

where 0 denotes the model parameters associated with the immediately previous 

iteration of the EM algorithm. 

Substituting Eqn.(3.11) into Eqn.(3.17), using the independence between tokens, 

we have 

N 

Q(010) = L { f L { logp(Z;lmn) 
{X}N n=l 

Kn 

+ L [Iogp(Zk,m"IZk-1,m") + logp(OklZk,m")] 
k=l 

+ logp(mnl0) 

} • p( {Z}Nl{O.X}N. 8). d{Z}N 

} • p({X}Nl{O}N.8) 
N 

= L { L f { logp(Z;lmn) 
{X}N n=l 

Kn 

+ L [logp(Zk.m"IZk-1.m") + logp(Okl~mn)] 
k=l 

} · p(zn1on,mn, 0) dZn 
N 

+ L logp(mnl0) 
n=l 

} • p( {X}Nl{O}N, 0) (3.18) 

Substituting Eqn.(3.14) into the above equation, using the property shown in 

Eqn.(3.16), changing the order of the summations, and using the common variable 
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m to replace all mn's, we can have (derivation is given in appendix C) 

N M 

Q(0IE>) = LL { j { logp(z;lm) 
n=l m=l 

Kn 

+ L [Iogp(Zk,mlZf-1,m) + logp(o,:1zf.m)] 
k=l 

} • p(Z"IO'\ m, 0J dZr. } • w: 
N M 

+LL logp(ml0) • w::i 
n=lm=l 
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(3.19) 

where w~ has the same expression as w~ except that the 0 in the expression is 

replaced by E> of the previous EM iteration. 

We can express Q(0IE>) above as 

(3.20) 

where 

and 
N M 

Qp = L L logp(ml0) • w::i. (3.22) 
n=lm=l 

From the model definition by Eqns. (3.6) and (3.7), p(Zk.mlZk-i,m) is a Gaussian 

with mean <PmZn(k - 1) + (I - <Pm)Tm and covariance Qm, and p(OklZr,m) is a 

Gaussian as well with mean HmZn(k) and covariance R.ni. Fixing p(Z;lm) as a 

Gaussian with zero mean and a given covariance, we simplify Qz to 

1 N M 

Qz = - 2 LL {Kn log IQml + Kn log IR.nil 
n=lm=l 

Kn 

+ L Em[elk,m
1 

(Qm)-1elk,mJ 
k=l 
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Kn 

+ L Em[e2k,m
1 

(R.n)-1e2k,ml } • w~ 
lc=l 

+canst. (3.23) 

where eli:,m = zn(k) - ~mzn(k - 1) - (I - ~m}Tm and e2i:.m = on(k) - HmZn(k). 

Em[·] represents E[·IOn. m, 0]. 

3.4.4 M-step 

All parameters will be re-estimated in this step. 

Re-estimating 1r m 

7rm, m = 1. 2 ..... M. is the mixture weighting probability. which is equal to P(mj0). 

Since in the Q-function only Qp is related to ?rm, we can obtain the re-estimation 

formula by setting the partial derivative of Qp with respect to 7rm to zero. and then 

solving it subject to the constraint: 

M 

L 7rm = i. 
m=l 

To proceed. we define the Lagrangian equation of 

M 

Lp = Qp + .,\(1 - L 7rm). 

m=l 

Taking the derivative of Lp with respect to 7rm, we obtain 

8Lp = f J:_w-n - \ 
a ~ m I\. 

7rm n=l 7rm 

Setting the derivative equal to zero, we have the re-estimate for 7rm: 

(3.24) 

(3.25) 

(3.26) 
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Talcing ~=l on both sides of Eqn. (3.26) and using the property of ~=l 7rm = 1, 

we obtain 
N M 

,\=I: I: w::i. (3.27) 
n=l m=l 

This gives the re-estimation formula for 7rm: 

(3.28) 

Re-estimating <Pm and Tm 

Before deriving the re-estimation formula for these new parameters, we adopt the 

following notations first for notational simplicity: 

AO~ = 'E.f:1 Em[Zn(k - l)Zn(k - 1)'], Al~= Lf:1 Em[Zn(k)Z"(k)'j, 

A2~ = 'E,{;~1 Em[Zn(k)Zn(k - 1)'], Cm= (I - ~m)Tm, 

BO~ = 'E.f:1 Em[Zn(k - 1)], Bl~ = 'E.f:1 Em[Zn(k)], 

Dn = 'E,f~1 On(k)(On(k))'. F::i = Lf,;1 On(k)Em[Zn(k)]' 

G~ = 'E.f:1 Em[Zn(k)(Zn(k))']. 

where ~m and 'I'm stand for the newly re-estimated values, 

and 

To re-estimate <Pm and Tm we note that they are related only to Qz. Furthermore. 

only eki.m includes <Pm and Tm. The relevant partial derivatives are 2 

n=l 

N 

+ Q;;/tm ~)AO~ - Bo:ir: - TmBO~' + KnTmT:) • w::i (3.29) 
n=l 

2In deriving the derivatives, we use the same matrix calculus formulas listed in Chapter 2. 
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and 

:~z = -Q;/(I - tm) f, {B1:i - tmBo:i - Kn([ - tm)Tm} • w::i 
m n=l 

(3.30) 

Setting the above derivatives to zero, we obtain the re-estimates for tm and Tm: 

tm = {'£(A2:i - B1:it: -TmBO':n' + KnTmT:) -w::i} 
n=l 

· {I)AO':n - BO':nT: -TmBO':n' + KnTmT~) -w::i}-
1 

(3.31) 
n=l 

and 

(3.32) 

Note that in the above. the parameters tm and Tm are updated alternatively at 

separate EM iterations. This gives rise to the generalized EM algorithm. i.e .. local 

optimization in the M-step, rather than global optimization. 

Re-estimating Hm 

To re-estimate Hm, we note that it is included only in ek2.m term of the Qz in 

Eqn.(3.23). The relevant partial derivative is 

Setting the above to zero, we have the re-estimate: 

(3.34) 



CHAPTER 3. A MLDM 58 

Re-estimating Qm and f4n 

Since the noise covariances Qm and Rm are included only in Qz, we compute the 

following derivatives: 

(3.35) 

and 

8Qz l ~ K O -n 1 ~ ~ E [ n n '] -n 8R-l = 2 ~ n.tt.mWm - 2 ~ ~ m e2k,me2k.m • Wm 
m n=l n=lk=l 

(3.36) 

Let the derivatives equal to zero, we obtain the estimates for Qm and Rm. 

-rN ~Kn E [ ln ln '] -n 
Q• _ L..n=l L..,k=l m e k,me k,m • Wm 

m - ~N K -n 
L..,n=l nWm 

(3.37) 

and 
-rN ~Kn E [ 2n 2n '] -n 

~ = L..n=l L..,k=l me k,me k,m • Wm 
~N K -n 
L..,n=l nWm 

(3.38) 

In CJm above. Ef,;1 Em[elr:,mel,:,m'] is calculated according to 

Kn 

L Em[elk,melk,m
1

] -

k=l 

-~m(A2~)' - Bl~(Cm)
1 

- Cm(Bl~)' 

+imBO~(Cm)
1 + Cm(BO~)' i~ + KnCmC~ (3.39) 

In R.rri above. Ef,;1 Em(e2,;,me2tm'J is calculated according to 

t Em(e2;;,me2;;,m'] = vn - F:(Hm)
1 

- Hm(F:)
1 + Hm<Y:n(Hm)

1 

(3.40) 
k=l 

3.4.5 Calculation of the sufficient statistics 

In order to obtain the re-estimates for the model parameters according to the formu­

las derived above as the M-step of the EM algorithm, a set of conditional expectations 
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need to be calculated. Essentially, three conditional expectations ( all conditioned on 

the observation sequences), Em[Zn(k)], Em[Zn(k)Zn(k)'] and Em[Zn(k)Zn(k - 1)'], 

are required by the M-step. 

The conditional expectation Em[·], which denotes E[·IOn, m, 0], is precisely the 

Kalman ~moother for the m~th mixt11rF> an<l for thf> n.-th ohsP.rvation (token). All 

conditional expectations required in the M-step can be calculated by using the results 

of the Kalman smoothing algorithm. We now list the computational steps of the 

Kalman smoothing algorithm in the following below. 3 

Forward recursion ( or Kalman filtering) : 

zklk-1,m <Pm.Zk-llk-1.m + (I - <Pm)Tm 

Eklk-1,m - <PmEk-llk-1,m <Pm+ Qm 

Ok,m 
~n 

= on(k) - HmZklk-1.m 

:E~ 
o,.,m - HmEklk-1.mH:n + Rm 

Kk,m = En H' En )-1 
klk-1.m m ( Oi.,m 

,Zkjk,m - Zklk-1,m + Kk,mOk,m 

Eklk,m Eklk-1,m - Kk,mE6,.,m K~.m 

Backward recursion ( or Kalman smoothing) : 

A;:,m Ekjk,m <P:n ( Eklk-1,m )-l 

zn 
klKn,m - zkjk,m + Ai:,m[ zk+llKn - zk+llk,ml 

En 
klKn,m - Ekjk,m + Ai:,m[Ek+llKn,m - :Ek+ljk.m]A~ 

(3.41) 

(3.42) 

(3.43) 

(3.44) 

(3.45) 

(3.46) 

(3.47) 

(3.48) 

(3.49) 

(3.50) 

Based on the Kalman smoothing results above, the three required conditional 

3 Details of the algorithm and the derivations can be found in ([941, [841, [931, [771, [89]). 
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expectations are computed as follows: 

- zn klKn,m 

Em[Zn(k)Zn(k)
1

] - En + zn (Zn )' 
klKn,m klKn,m klKn,m 

Em[Zn(k)Zn(k - 1)
1

] - En zn (Zn )' 
k,k-llKn,m + klKn,m k-llKn,m 

where Ek.k-llKn,m is recursively calculated by [40] 

for k = Kn,··· . 2. where 

3.4.6 Updating w 

60 

(3.51) 

(3.52) 

(3.53) 

(3.55) 

To update w:::i according to Eqn.(3.15), p(Onlm. 8) must be calculated. It is calcu­

lated from the innovation sequence. 

(3.56) 

where 6k.m and E6 are the mean and covariance of the innovation at time K. 
•.m 

respectively. They are computed directly from Kalman Filter described earlier. dis 

the dimension of Ok.m· 

3.5 Likelihood-Scoring Algorithm 

The speech model presented so far combines M different linear dynamic models 

(mixture models), according to the mixture weighting probabilities, to describe the 
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VTR dynamics. After the weighting probabilities and all other models' parameters 

are trained as described in the previous section, the likelihood of the model for each 

phone, given a sequence of observations, can be computed directly. We describe this 

computation below. 

ThP likPlihooci 1(0!0) is P<prnl t;o 

1(010) = LP(O.Xl0) = LP(OIX,0)p(Xl0) 
X X 
M 

- L 11"m • lm(Ol0) (3.57) 
m=l 

Based on the estimation theory for dynamic systems ([94}, [931, [54], etc.), the 

likelihood function for each individual mixture model is calculated from its innovation 

sequence Ok,m according to 

[ 
1 K _ -, l 

lm(O10) =Kc. exp -2 L {log l~o •. J + Ok,m[~o •. mr
1ok.m} . 

k=l 

(3.58) 

where the innovation sequence Ok,m and its covariance ~6 •. m are computed from the 

Kalman filtering recursion. Kc is a constant. 

Then log-likelihood for the entire mixture model becomes: 

£(010) = log l~l 1'm • lm(010}] ( 3.59) 

For a speech utterance which consists of a sequence of phones with the phones' 

dynamic regimes given, the log-likelihood for each phone in the sequence as defined in 

Eqn.(3.59) are summed to give the total log-likelihood score for the entire utterance. 

3.6 Evaluation Experiments 

As before, in all the experiments reported in this section. we use a N-best list re­

scoring paradigm to evaluate the new recognizer on the Switchboard spontaneous 
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telephony speech data. 

3.6.1 Speech model trained with one speaker's data 

In this set of experiments, the "1/2 hour" training set is used for model training. 

We gradually increase the number of mixtures in the MLDM. The results (WER) are 

listed in Table (3.2). From one mixture to two mixtures, there are large improvements 

in the performance. The WER drops from '"55.7%" to '"50.7%" (about 10% relative 

error reduction) for the '"Ref+lO0" case. There is about two percents absolute error 

reduction for the '"100-best" case (without references included). 

When we further increase the number of mixtures to four. we don"t observe fur­

ther decrease in the WER from the results shown in Table (3.2). Two factors might 

account for this observation. First. the amount of training data is not enough for 

the increased number ( 4) of mixtures. We had some warning information during the 

training, which said some models suffer from under-training. Second, the confusabil­

ity among the different phones are increased with the increasing number of mixtures. 

In order to pin down the more likely cause between the two possibilities, we used 

more training data to train the models in the next set of experiments. 

Under identical conditions, compared with the "HMM-baseline" system, the 

MLDM with two mixtures achieves about 2% absolute WER reduction for '"100 best" 

case and much more reduction for '"Ref+lO0" case. As analyzed before, this situation 

is caused by the error propagation problem in the new model. 

3.6.2 Speech model trained with multiple speakers' data 

To investigate how the amount of training data and number of mixtures affect the 

recognizer performance, we extracted more data from the Switchboard "train-ws97-
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systems Ref+lO0 100-best 

MLDM:1-mix 55.7 58.9 

MLDM:2-mix 50.7 57.0 

MLDM:4-mix 50.7 57.7 

I HMM-baseline II 56.1 58.9 

Table 3.2: Performance (WER) of mixture linear dynamic system model with half 

an hour of training data 

a" training set for training the new model. 

In Table 3.3, "l hour" means that we added another half an hour data to the 

original half an hour of training set, where the new half an hour of the training data 

comes from 30 different speakers. We name it "1 hour" training set. "2 hour" 

means that we added one more hour of training data to the "1 hour" training set. 

The additional one hour of data comes from 50 different speakers. We name it "2 

hour" training set. Both training sets will be used again in the next chapter. 

The re-scoring results are listed in Table 3.3. With one hour training data. from 

two mixtures to four mixtures, improvement is observed. It testifies the conclusion 

that half an hour training data is not enough. 

Comparing the results shown in Table (3.3) and Table (3.2), the MLDM with 

two mixtures does not make substantial performance differences by doubling the 

amount of training data. That is because the number of mixtures is not enough. the 

MLDM with four mixtures turns out better performance from half an hour training 

data to one hour data, about 1% absolute WER reduction for both the "100 besf" 

and "Ref+ 100" cases, It produces further WER reduction when trained on two hour 

training data. Therefore, more improvement should be expected with more training 
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data coming. 

From this set of experiments. we conclude that using more mixtures is able to 

improve the model's performance even though it may have simultaneously increased 

the confusions among the phones. More training data is needed for the training of 

the models with an increasing number of mixture components. 

systems Ref+lO0 100-best 

MLDM:2-mix (1 hour) 51.0 57.1 

MLDM:4-mix (1 hour) 49.8 56.6 

MLDM:4-mix (2 hour) 49.5 56.0 

I ws97-baseline (160 hour) II 56.2 56.9 

Table 3.3: Performance (WER) of mixture linear dynamic system model with in­

creased amounts of training data 

Compared with the "ws97-baseline" HMM system (not under identical con­

ditions), given in Table (3.3) as well, the MLDM with four mixtures trained on 2 

hour data outperforms the HMM system for all cases, with and without including 

the references in the N-best list. Especially, in the situation with references included, 

the new model gives more than 10% relative error reduction for the "Ref+ 100" case. 

This means that the new model is able to score the correct reference hypotheses with 

higher likelihoods than the HMM system. For the case without references included, 

the new model achieves about 1.0% absolute WER reduction. 
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3. 7 An Analysis Experiment 

Why is the new dynamic system model able to achieve the better performance than 

HMM system ? We believe the main reason is that some key aspects of true dynamic 

properties of speech has been explicitly incorporated into the new system. In order to 

examine this belief, we have performed a set of analysis experiments by deliberately 

modifying the dynamic property in the model. To do this. we set the ~time-constant" 

parameter, t, for all models to zero. This changes the state equation to 

m = 1.2 ..... M. (3.60) 

Now, the hidden state dynamics is modified to be a flat one with noise added. All 

other parts of the speech model were kept identical to the system described earlier. 

We carried out the speech recognition experiments using the same training data ( 1-

hour) and using the same N-best re-scoring paradigm. The linear dynamic system 

model with 4 mixture components was used. 

The log-likelihoods during the model training are plotted in Fig(3.2), as a function 

of the EM iteration number. The solid line is associated with the model without the 

state dynamics being modified (i.e. with the trained parameter t), and the dashed 

line is associated with the model with the state dynamics modified (i.e. setting 

~ = 0). The log-likelihood of the model after modifying the state dynamics is 

observed to be uniformly lower than that of the original model. This is especially so 

at the early iteration of the EM algorithm. 

The N-best re-scoring results using the speech model with the state dynamics 

modified are listed in Table (3.4). For comparison purposes, the results using the 

original model are also shown in the same table. We observe from Table (3.4) that 

when the dynamic property is modified by setting t = 0, the system performance is 

worsened greatly. 
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-2.s~-----~--~-------~--' 
• t.5 2.5 15 

Figure 3.2: Comparison of log-likelihoods of the speech model with and without the 

state dynamics being modified 

systems Ref+lOO 100-best 

MLDM:4-mix ( ~ = 0 ) 53.3 57.9 

MLDM:4-mix (~ trained) 49.8 56.6 

Table 3.4: Comparison of recognizer WERs using the speech model with and without 

the state dynamics being modified 
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Compared with the "ws97-baseline" HMM system, the system with the state 

dynamics modified still performs better. It may be due to the use of Kalman filter. 

On one hand, it enables the new model to compute likelihood without the i.i.d. 

assumption of observations ( which is a limitation for HMM). On the other hand, 

note that during the Kalman filtering process. due to the noises added to the state 

and observation equations, the estimated hidden states, Zklk-l is still varying with 

time k. This causes the estimated mean of observation. HZ1c11c-i, and its covariance, 

H'E1c11c- 1H'. to change with time as well. Such changes are more desirable than the 

constant means and variances associated with individual states in the conventional 

HMM. 

3.8 Conclusion 

In this chapter a new version of the target-directed dynamic model. a mixture lin­

ear dynamic model for speech recognition has been developed. This new version 

originates from the work in the previous chapter (more details in [3. 33]). where 

a nonlinear form of the observation equation was used to represent the nonlinear 

relationship between the hidden VTR space and the acoustic space (MFCC). 

To improve the approximation accuracy by use of linear functions, we have devel­

oped a mixture linear dynamic model. The basic idea underlying this development 

is that within limited input and output spaces, a global nonlinear relation can be 

relatively accurately approximated by combining a set of linear regression functions. 

Applying this idea to the speech modeling problem. we approximate the nonlinear 

relation between the VTR space and the MFCC space for each separate phone by a 

mixture of static, linear regression functions. The division of the input-output spaces 

is achieved in two ways. First, phone-dependent linear mapping characterized by the 
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regression matrix parameter if allows the VTR space to limit itself to only a narrow 

range of the variation specific to the phone. Second, further limitation of the VTR 

changes in a phone is achieved by using a set of regression matrices Hm 's, each of 

which further narrows the range of the VTR variation. 

A series of speech recognition eXperiments have been carried out on the Switch­

board database to evaluate the new model. Under identical conditions, compared 

with the "HMM-baseline" system, With use of two mixture components and of 

half an hour for model training, the new model is able to achieve better performance. 

about 2% WER reduction for the case without references included and much more 

reduction for the case with reference included. When the number of mixtures is 

increased to four and the amount of training data increased to two hours (about 81 

different speakers), the new model also outperforms the "ws97 -baseline" HMM 

system trained on 160 hour data in all cases ( with and without references included). 

Those experiment results are consistent with the observation by other researchers 

[60]. Our new model is a segmental-level discrete mixture model as those in [53], 

[57L etc .. In [60] the authors observed that --Jf the advantage of frame-level mixture 

d·istributions stems from systematic variation in speech, then segmental mixtures may 

be able to represent the systematic component via a framework that keeps the m-ixture 

mode constant across the segment. In contrast, the frame-level m-ixture model allows 

mixture modes to change randomly at each time step. Of course, if the advantage 

of frame-level m-ixtures is simply that Gaussian models do not fit the data well, then 

frame-based m-ixtures will be a more efficient representation than segmental mixtures. 

Th·is question must be answered empirically and remains open at this point, although 

our intuition and prel-iminary experiments favor the systematic variat-ion -interpreta­

tion. .. Our experiments also favor the speech systematic variation interpretation. 

It shows that the target-directed, mixture linear dynamic system model proposed 
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in this chapter is a promising new approach to spontaneous speech recognition. 



Chapter 4 

A Mixture Linear Dynamic Model 

with Switching Parameters on the 

Measurement Equations 

4.1 Introduction 

In the previous chapter the mixture linear dynamic model was developed and evalu­

ated. It turned out promising results. However, it used a liuear function in the mea­

surement equations to approximate the physically nonlinear relationship between the 

hidden dynamic space (VTR) and the observation space (MFCC). That approxima­

tion is not accurate. especially for some consonants. For example, stop consonants 

have closures followed by explosives, each period has different phonetic and acoustic 

property. Using a single linear function to represent those two different periods is 

apparently not accurate. 

As analyzed in the previous chapter, linearity is of importance for the dynamic 
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model because it gives rise to efficiency in the model training and likelihood com­

putation processes. To overcome MLDM's weakness in representing the nonlinear 

relationship and keep the linearity of the model simultaneously, a more general ver­

sion of the dynamic model is developed in this chapter . In this version the Hm in 

the measurement equation of the MLDM version (Eqn.(3.7)) is allowed to vary with 

time k, but not continuously, it is confined to take values from a set of different H 
values. Therefore. a piece-wise linear function is used to approximate the physically 

nonlinear relationship. Obviously, the new version is a more general case of the 

MLDM version. 

Since a piece-wise linear function is able to approximate a nonlinear function more 

accurately than a single linear one. we hope to improve the system·s performance 

further by developing this new version. 

4.2 Model Formulation 

In this new version each phone is still modeled by a combination of several linear 

dynamic models. 

( 4.1) 
m=l 

where M is the total number of linear dynamic models ( or mixtures), 1r m is the com-

bining weights. However, them-th linear dynamic model LDMm becomes different 

from that in the MLDM version. it is formulated as follows: 

Z(k) <PmZ(k - 1) + (J - <Pm)Tm + Wm(k - 1) 

O(k) - Hm(k)Z(k) + Vm(k) 

(4.2} 

(4.3} 

where the state equation is identical to that in MLDM, but the measurement equation 

is different. Here Hm(k} changes with time k, but it is confined to take values from 
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• l . • 
a set of {Hm, l = 1, 2, ... , L}, L 1s the total number of H values. Note that the 

subscript m indicates different mixtures have different sets of H values. 

We call this new version a mixture linear d}namic model with switching param­

eters on measurement equations (MLDM-SM). Each MLDM-SM has model param-

where 11"m represents the mixture weight probability P(ml0) and 'Ym,l the Hm value 

weight probability P(llm, 0). How those parameters are estimated will be derived 

in the next section. 

In this model. two levels of parameter switching have been designed. First. the 

mixture indexed by m switches at the segment (phone) level. Second, the Hm values 

indexed by l switch at the time frame level. The first level of switching corresponds 

to the target property of the VTR dynamics, which therefore must be at the segment 

level. The second level of parameter switching is designed to provide the flexibility for 

using multiple linear functions to approximate the nonlinear relationship between the 

VTR and the measurement variables. The parameter switching in the second level 

should happen at the frame level because the relationship can change at different time 

periods. We call the former switching mixture switching and the later one H -value 

switching. 

As in MLDM. the mixture-path constraint must be imposed on the mixture 

switching. This constraint must be imposed on both the model training and likeli­

hood computation algorithms. 
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4.3 Model Parameter Learning 

Due to data incompleteness, Expectation-Maximization (EM) algorithm is adopted 

for model parameter estimation. 

As in MLDM version. we define a discrete random variable X to indicate the 

observation-to-mixture assignment for a sequence of observation. For this new MLDM­

SM version, we need one additional discrete variable to represent the H value switch­

ing on the measurement equation. We define it as Y = {y1, y2 , ••.. YK} ( K is the length 

of the observation). Yk(l $ k $ K) is a discrete random variable which indicates 

which one of .iI:n ( 1 $ l $ L) is chosen ( or is switched onto) at time frame k. For 

example. if Yk = ·i. it means the -~th value, if:n, is chosen at time k. Finally. we 

define a discrete variable. S = {X. Y}, to represent the combination of X and Y. 

As in MLDM. to impose the mixture-path constraint a joint variable must be 

defined at segment level. Suppose we have N training tokens for a phone. we define 

a joint variable as 

where on = {On(l), On(2), .... on(Kn)} is the n-th observation sequence and zn 

the corresponding hidden state sequence. sn = {Xn, yn}, where xn indicates the 

observation-to-mixture assignment and yn = {yf, y2, · • · , YKJ describes the H value 

switching. Here. xn and yn are working together to determine how the observation 

sequence is generated. 

The following assumptions are made in the development of the learning algorithm: 

• The N tokens are independent of each other. So, sn ( 1 $ n $ N) are inde­

pendent of each other. 
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• The discrete random variables xn ( 1 ~ n ~ N) have an identical distribution. 

• yf, y~, • • ·, and YKn are independent of each other. That is, the parameter 

switching does not depend on the history, nor on the future. 

• Yk (1 ~ k ~ Kn) have an identical distribution. 

4.3.1 The PDF of the joint variable 

With the assumptions made above, the conditional PDF of the joint variable 

{ 0. Z. S}N given 0 can be written as 

N 

p({O,Z,S}Nl0) = Ilp(On.zn,sn10) 
n=l 

N 
- II p( on. zn I sn. 0) P ( sn 10) 

n=l 

( 4.4) 

In Eqn.(4.4) p( on, zn1sn, 0) is the conditional joint PDF of on and zn given the 

condition that model parameter 0 is known and the mixture and H value switchings 

designated. According to [39], the conditional PDF p(On,zn1sn.0) is defined as 

Kn 
p(On, zn1sn. 0) = p(z;1sn, 0) II p(zr1zr_1, sn, 0) p(Ok1zr, sn, 0) (4.5) 

k=l 

where p( Z0 I 5n, 0) is the conditional distribution of the initial value for the hidden 

dynamics. We assume all tokens and mixtures have the same initial value distribu­

tions, so p(Z01Sn, 0) is simplified to p(Zol0). At time k, only xn in sn affects the 

conditional PDF p(Zr,1zr,_1,sn,0) and only xn and y,: affects p(O,:IZr,,sn,0), so 

Eqn.(4.5) can be further written as 

Kn 

p(On, znisn. 0) = p(Zol0) II p(ZrlZf-1, xn, 0) p(O,:IZl', xn, Yk, 0) ( 4.6) 
k=l 



CHAPTER 4. A MLDM-SM 75 

On the other hand, in Eqn.(4.4), P(Snl0) is equal to 

P(S'l0) 
Kn 

- II P(yi:jX11, 0)P(Xnj0) (4.7) 
k=l 

where the independence between switchings at different time points has hPen nsP.cl 

in the last step. 

Then, substituting Eqn. ( 4.6) and ( 4. 7) into ( 4.4), we obtain 

4.3.2 Several useful conditional PDFs 

To calculate the Q-function in the E-step, we need several conditional PDFs. which 

we will derive here. 

Firstly, p( { 0. S}N I 0) can be factorized to 

N 

p( {O, S}Nl0) = II p(on1sn, 0) P(Snl0) 
n=l 

In the above. p( on I sn, 0) can be further decomposed to 

Kn 

p(on1sn,e) = IIp(On(k)IO?,k-1,Xn,y;:,0) 
k=l 

where O1.k-l = {On(l), on(2), •••. on(k - 1)} and we assume 

p(On(l)lO0, xn, y1. 0) = p(On(l)IXn, Yi, 0). 

(4.9) 

(4.10) 
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Plugging Eqn.(4.10) and (4.7) into (4.9), we get 

( 4.11) 

Secondly, to obtain p( { 0, X}N I 0) we take integration of p( { 0, S}N I 0) over 

{Y}N. 

where the independence between tokens and between switchings at different time 

points have been used. 

Thirdly, to obtain p({O}Nl0), we take integration of p({O,X}Nl0) over {X}N. 

p({O}Nl0) = L p({O.X}Nl0) 
{X}•V 

- fLtfi [i/(O"(kJIO~ .• _,,x·.v;,eJ P(vi:IX",e)] P(X"1Ell4.13J 

Then, by PDF's property, p( {X}N)l{O}N, 0) can be derived to be equal to 

N 

- Ilw~ (4.14) 
n=l 
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where 

n - [rr~l Ef=l p(On(k)IOf,1i:-1, m, l, 0) P(llm, 0)] P(ml0) 
Wm - M [ K L ] Em=l I11i::1 Ez=1p(On(k)IOf,1i:_1,m,l,0) P(llm,0) P(ml0) 

(4.15) 

In the above, because Xn's have the identical distributions, they are replaced by a 

common variable m for notational simplicity. For the same reason, y;:'s are replaced 

by a common l. Apparently, E~=l w::i = 1. Because of the independence assumption 

between tokens, we can get 

and 

L p({X}Nl{O}N, 0) = w::i 
{X}N/Xn 

where { X}N I xn means the set of { X}N but xn. 

Finally. the conditional PDF p( {Y}Nl{X}N. {O}N. 0) is equal to 

({Y}Nl{X}N {O}N 0) = p({O. S}Nl0) 
P • • p({O.X}Nl0) 

I1~1 [rrf:1 p(On(k)IO?.1i:-1, xn. Yi:, 0) P(yi:IXn. 0)] P(Xnl0) 

(4.16) 

( 4.17) 

= 
rr:=l [rrf:1 E;1=l p(On(k)IOf,k-1' xn. Yi:, 0) P(y;:1xn, 0)] P(Xnl0) 

where 

N Kn 

- II II ~.m.l 
n=lk=l 

p(On(k)IOf,1i:-i, m, l, 0) P(llm, 0) 
~.m,l = Ef=1p(On(k)lOf,1i:-i,m,l,0) P(llm,0) 

(4.18) 

(4.19) 

where as before xn is replaced by m and y,: by l for notational simplicity. Apparently, 

Ef=i ~.m.l = 1. Because of the independence among tokens, we can get 

Kn 

p(rIxn.on,0) = II ~.m.l· ( 4.20) 
k=l 

Here. using the independence assumption among H value switchings at different time 

points. we obtain 

( 4.21) 
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and 

(4.22) 

where yn /yk denotes the full set of yn but Yk. 

4.3.3 E-step 

Given all the conditional PDF computations discussed above, we are now in a position 

to describe the EM algorithm. 

Since both { Z}N and { S}N are missing, we take integrations over both of them 

to get the Q-function. The Q-function becomes 

Q(010) = L f logp( {O. Z. S}Nl0) • p( {Z. S}Nl{O}N. 0) d{Z}N 
{S}N 

= L f logp( {O. Z. S}Nl0) • p( {Z}Nl{O, S}N. 0) d{Z}N 
{S}N 

·p({S}Nl{O}N,0) (4.23) 

where 0 indicates the parameter value at the immediately previous step. 

Substituting Eqn.(4.8) into Eqn.(4.23), we simplify the Q-function to (derivation 

is given in Appendix C.l): 

Q(010) 
N 

- LL f { logp(Zol0) 
n=l 5n 

Kn 

+ E [1ogp(Zl1IZr:'-1,xn,e) +logp(OklZl1,I',y;,e)] 
k=l 

} • p( zn I on, sn, 0) dZn • p( sn I on, e) 

N r~n l + ,E ~ ~ log P(y;1.xn, 0) p(sn1on, 0) 
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N 

+LL log P(Xnl0) p(snIon, 0) 
n=l 5n 

- Qz+Qy +Qx (4.24) 

where the Q-function is shown to be separated into three disjoint terms: Qz, Qy 

and Q x. As before, we use m and l to denote xn and Yi:, respectively. These three 

terms can be simplified to ( derivations are given in Appendix C.2) 

N 

Qz = LL f { logp(Zal0) 
n=l Sn 

Qy 

Qx 

Kn 

+ L [logp(zrIzr_1,xn,0) +logp(OkIzr,xn.y;:,0)] 
k=l 

} . p( zn I on, sn. 0) dZn . p( sn I on. 0) 

N M Ir fn l - Efl ~~logp(zrIzr_1,m,0) p(znIon.m.E>) dZn •W~ 

-

-

-

-

-

+ t, j;J {t t log p( 0,IZ,', m, I, 0) (,,m,I p( z• IO•, m, I. EJ)} dZ• • w::, 
+ canst. ( 4.25) 

N Kn 

LL L log P(y;1xn. 0) p(sn1on. 0) 
n=l Sn k=l 

N M ~Kn L l E f
1 

~~log P( Lim. 0) • ~.m,l w~ (4.26) 

N 

L I:log P(I'l0) p(snIon,e) 
n=l 5n 

N 

LL I:log P(xnl0) p(Yn1xn, on. 0) p(I'IOn, E>) 
n=l xn yn 

N M 

LL logP(ml0) w~ ( 4.27) 
n=lm=l 

where w::i and fT:.m,l have the same expressions as w::i and ~.m,l respectively, except 

that the 0 in the earlier expressions is replaced by 0. 
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By the definition of the speech model in Eqns. (4.2) and (4.3), p(z:1z:_1, m, 0) 

is a Gaussian with mean: <PmZ"(k - 1) + (I - <Pm)Tm and covariance: Qm. And 

p( o;: I zr, m, l, E)) is also 3 Gaussian with mean: k:n Z"( k) and covariance: flm. 

Therefore, Q z can be re-written as 

Qz = -~ t i: {Kn log ICJml + I: Em [elk,m, (Qm)-1elk,mj} • w~ 
n=l m=l k=l 

-t~ i:, { K. log IR.. I + E t, Emt [ e2k,m,,' ( R.. )-1 
e2k,m.l" (:,mJ] } • w:;. 

+canst. ( 4.28) 

where eli:,m and e2i:,m,l are equal to 

eli,m Z"(k) - <I>mZ"(k - 1) - (I - <I>m)Tm, 

e2k,m,l - O"(k) - k:nz"(k). 

Em[·] denotes the conditional expectation E[·IO", m, E>)] and Eml[·] denotes the con­

ditional expectation E[·IO",m,l.E>)]. These conditional expectations. Em[·] and 

Eml[·]. will be computed from the Kalman smoothing algorithm that will be dis­

cussed in detail later. 

4.3.4 M-step 

With the Q-function computed above. we now go to the M-step of EM-algorithm. 

Re-estimate for ?rm Let's first derive the re-estimate for the mixture probability 

?rm= P(mlE>), where m = 1, 2, ... , M. Since in the Q-function only Qx is related to 

P(ml0), we can derive the re-estimation formula by maximizing Qx with respect to 

7rm subject to the constraint: 
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Define the Lagrangian: 

M 

Lx = Qx + .-\(1 - L 7rm) 

m=l 

and take derivative of Lx with respect to ?rm to obtain 

Setting the above derivative to zero. we have the re-estimate for ?rm: 

Take ~=l over both sides of Eqn. ( 4.3.4) and use the property of E!;=1 7rm = 1 

to get 
N M 

A=LLW~ 
n=l m=l 

Then the re-estimate for 1r m is 

for 1 ~ m ~ M ( 4.29) 

Re-estimate for 'Ym.l Note in the Q-functioni only Qy is related to the "switch­

ing" probability "fm.l = P(llm, 0) and "fm,l has a constraint, Ef'::1 "fm.l = l. So the 

Lagrangian is defined as 
L 

Ly= Qy + .-\(1- L "Ym.d 
l 

Take derivative of Ly with respect to 'Ym.l and let it be zero, 

Solving the above for "fm.l, we have 
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Talcing summation Ef over both sides gives 

It gives the final form of the re-estimation formula: 

~~ •._Kn Pl , -n 
~ 2...,~l [L..,k=l lok,m,d W~ 
'Ym,l = "N K -n 

L..,n=l n Wm 

82 

( 4.30) 

Re-estimates for elm, Tm and Qm Before going to estimate these parameters. 

we adopt the following notations for simplicity. 

AO~= Ef::1 Em[Zn(k - l)Zn(k - 1)
1
], Al~ = Ef::1 Em[Zn(k)Zn(k)

1
], 

A2~ = Ef::1 Em[Zn(k)Zn(k - 1)'], Cm= (I - ~m)'.I'm 

Bl n = "Kn E [Zn(k)] m L..,k=l m 

Note that in the Q-function only the first term of Q z is related to these parameters 

in the state equation. The derivatives of Qz with respect to elm and Tm are computed 

according to: 

N 

Q~1 I)-A2~ + Bl~T: + TmBO~' - KnTmT:) -w~ 
n=l 

N 

+ Q~1elm 2)AO~ - BO~T~ -TmBO~' + KnTmT~) • w~ (4.31) 
n=l 

and 

BBQT.z = -Q~1([ - elm) E {Bl~ - elmBO~ - Kn(I - elm)Tm} • w~ 
m n=l 

( 4.32) 

Setting the derivatives to zero and solving the equations (note that Qm must be 

full rank and elm i= I by definition), we obtain the estimates for elm and Tm, 

(I - elm)-1 
}:~1 {Bl~ - elmBO~} • w~ 

"r'N K -n 
L.Jn=l n •Wm 

(4.33) 
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N 

im {1)A2~ - Bl~t: - TmB0~
1 

+ KnTmT:). w~} 
n=l 

N 

• {~)AO~ - Bo~t: -TmBO~' + KnTm'I':) •w~}-1
. (4.34) 

n=l 

The derivative of Qz with respect to Q-;;/ is 

( 4.35) 

Setting it to zero. we have the estimate for Qm, 

.,_.N .,_.Kn E [ ln ln '] -n 
Q
• _ Lm=l 4-Jk=l m e k,m e k,m • Wm 

m - .,_.N K -n 
4-Jn=l nWm 

(4.36) 

Kn 
L Em[elk,melk,m

1
] 

k=l 

= Al~+ imAO~ i~ - A2~ i~ - im(A2~)
1 

- Bl~( Cm)
1 

-Cm(Bl~)' + imBO~(Cm)
1 

+ Cm(BO~)'i~ + KnCmC~ ( 4.37) 

Re-estimates for iI:n and Rm Finally, we derive the re-estimation formulas 

for the parameters, Hm,l and Rm, contained in the measurement equation. In the 

Q-function, only the second term in Q z is related to these parameters. 

The derivative of Q z with respect to iI:n is 

aaH9~ = -R~1 {t (i Emi[(iI~zn(k) - Ok)(.Zn(k))
1

] ~.m,l) w~} (4.38) 
m n=l k=l 

Setting the derivative to zero and solving it, we get the re-estimate for if:n, 

(4.39) 
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where Em1[Zn(k)] = [1, Em1[Zn(k)]']' and 

Emz[zn(k)(.w'(k)}'] = [ 
1 

Em1[Zn(k)] 

Em1[Zn(k}]' l 
Emz[Zn( k )(Zn(k) )'] 

The derivative of Q z with respect to R;/ is 

Let it be zero. we obtain the re-estimate for Rm, 

Rn..= E~1 (Ef~1 Ef':1 Emz[e2tm.z(e2k,m,l)'] • ~.m,l) • W~ 

E~1Knw!'.:i 

where Emz[e2i:.m,l( e2i:.m.d'] is calculated according to 

Eml [ e2k,m,l ( e2k,m,l) '] 

= on(k)On(k)
1 

- Emz[Zn(k)](H!,J 

84 

( 4.40) 

( 4.41) 

- H!nEmz[Zn(k)] + H!nEmz[Zn(k)Zn(k)
1

](.H!n)' (4.42) 

4.3.5 Calculation of the sufficient statistics 

As we show earlier. in order to obtain the re-estimates for the model parameters. a 

set of conditional expectations, which form the sufficient statistics for the estimation 

problem, need to be calculated during the M-step of the EM algorithm. These su:ffi-
, I 

cient statistics include Em[Zn(k)], Em[Zn(k)Zn(k) ], Em[Zn(k)Zn(k - 1)], Em1[Zn(k)] 

and Emi[Zn(k)Zn(k)'j. 

The conditional expectation Em [ •] = E [•I on, m, E>] is the Kalman smoother of the 

111rth mixture(or LDM) for then-th observation. However, the conventional Kalman 

smoother can not be directly applied here because the current model has param­

eter switching occurring on the measurement equation. This situation (parameter 
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switching on measurement equation) is exactly the same as that presented in [40], 

where the filtering and smoothing algorithms were derived. Then the conditional 

expectation Emz[·] = E[·IOn, m, l, 0] becomes the smoother of the m-th mixture for 

the n-th observation under an extra condition that Hm(k) = if:n (recall that we use 

The basic theory about filtering and smoothing can be found in ([94], [84], [93]. 

[77], etc.). In the following we list the filtering and smoothing algorithms (for one 

mixture) for our special model with parameter switching on the measurement equa­

tions. 

Forward recursion ( or filtering) 

Zklk-1.m = fm~-llk-1,m + (J - fm)Tm 

:Eklk-1.m = fm:Ek-ljk-1,m fm + Qm 

Qk,m,l 
. l ~ n 

l = 1, 2 .... , L = on(k) - HmZklk-1,m 

I 

:ET! = H~:Eklk-1,mH:n + Rm Ot,m,I 

Kk,m,l :Ekjk-1,mH~, {:E6t,m,/ )-l 

zn 
kjk.m.l = zkjk-1,m + Kk,m,l6k,m.l 

:En 
klk,m.l :En - K :ET! K' klk-1,m k,m,l Ot,m,t k,m 

. ~ n 

7Pk,m,l 
'Ym,l N(On(k) - H:nzklk-1,m' :E6t,m,/) 

= . ~n 

'Ef=l 'Ym,l N(On(k) - H!nZklk-1,m, :Ea ) lt,m,/ 

L 

Zkjk,m = L 7Pk.m,l zkjk,m,l 
l=l 
L 

:Eklk,m = L 7Pk,m,l :Eklk,m.l 
l=l 

( 4.43) 

(4.44) 

( 4.45) 

( 4.46) 

(4.47) 

(4.48) 

( 4.49) 

(4.50) 

(4.51) 

( 4.52) 

where .ikjk-1,m is the predictor and :Eklk-1,m its error covariance. zkjk,m is the filter 
. ~n 

and :Eklk,m its error covariance. N(On(k)-H:nzklk-1,m• :Ealt,m,I) is a Gaussian density 
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. :.n 
with mean H!,. Z klk-l,m and covariance E6 , which is the density of the innovation 

lr,m,l 

sequence at time k. 

Backward recursion ( or smoothing) : 

An n ' {~n ) 1 
k,m - Eklk,m ipm .l.lklk-1,m -

zk!Kn,m - zkjk,m + A,:,m[Zk+ilKn - zk+llk,ml 

EklKn,m = Eklk,m + Ak,m[Ek+llKn,m - Ek+ilk,m]A~ 

( 4.53) 

( 4.54) 

( 4.55) 

Note that the above smoothing is for the computation of E[·IOn,m.E>]. For the 

computation of E[·IOn, m. l, E>] at the given time point k, zkjk,m and Eklk,m in the 

above smoothing algorithm are simply replaced by Zklk,m,l and Eklk,m,l respectively. 

and correspondingly, zk!Kn,m becomes zk!Kn,m,l and EklKn,m becomes EklKn,m.l· At 

other points. the smoothing keeps unchanged. 

Using the above Kalman smoothing results, the conditional expectations as suf-

fi.cient statistics are computed by. 

Em[Zn(k)] - zn 
klKn,m 

, 
En + zn (Zn )' Em[Zn(k)Zn(k) l = klKn,m klKn,m klKn,m 

Em[Zn(k)Zn(k - 1)
1
] = En zn (Zn )' k,k-llKn,m + klKn,m k-llKn,m 

Em1[Zn(k)] - ~ klKn,m.l 

Em1[Zn(k )Zn(k )
1
] = En + zn (Zn )' klKn,m,l klKn,m,l klKn,m,l 

where Ek.k-llKn,m is recursively calculated by [39] 

for k = Kn, • • • , 2, where 

L 

EKn,Kn-llKn,m = L "PKn,m,l(I - KKn.m.lH:n)ipmEKn-llKn-1,m,l 
l=l 

( 4.56) 

(4.57) 

(4.58) 

( 4.59) 

(4.60) 

(4.61) 

(4.62) 
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4.3.6 The calculation of w and ( 

To compute w~ and li:,m,l, it suffices to know p(o:1or,k-1, m, l, 0). It is computed 

according to: 

where Oi:.m,l and E~t.m., are computed from the Kalman filter given earlier. dis the 

dimension of Ok,m.l · 

4.4 Likelihood computation 

We combine M different linear dynamic models (mixture models) according to differ­

ent weights to describe a phone's VTR dynamics. After the weights and all models' 

parameters are trained as described in the preceding section. the likelihood of a phone 

for a sequence of observations is computed by, 

1(018) - LP(0, SI8) 
s 

- L LP(0IY, X, 8) p(YIX. 8) p(Xl8) 
X y 

- f, {fit,v(OklO~.•-••m,l,EJ) ·'Ym,,} •1rm (4.64) 

The log-likelihood is then 

£(018) = log 1(018) (4.65) 

For a speech utterance consisting of a sequence of phones with the phones' dy­

namic regimes (boundaries) given, the log-likelihoods for all phones in the sequence 

as defined in Eqn.(4.65) are summed to give the total log-likelihood score for the 

entire utterance. 
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4.5 Evaluation on Switchboard Data 

The same experimental paradigm (N-best list re-scoring paradigm) as in the previous 

chapters is used for the evaluation of this new version, which has been introduced in 

details in Chapter 2. 

4.5.1 Experiment I: Models trained with one speaker's data 

In these experiments. the "1/2 hour" training set (see Section 2.7.1) is used for 

model training. 

First. we use a single mixture (1-mix) for the mixture-linear dynamic model 

(MLDM) with switching parameters and we increase the number of H-switching 

values from one to three. The percentage-WER results are tabulated in Table 4.1. 

It is observed that the use of H-switching (two or three H values) reduces errors 

compared with no use of H-switching (one H value only). 

systems Ref+lOO 100-best 

MLDM-SM:1-mix, 1-H 55.7 58.9 

MLDM-SM:1-mix, 2-H 55.0 57.7 

MLDM-SM:1-mix, 3-H 55.1 57.2 

Table 4.1: Performance (WER) of MLDM-SM with a single mixture and different 

numbers of H switching values 

We then use two mixtures (2-mix) while again gradually increasing the number of 

H-switching values. The WER results are listed in Table 4.2. We observe a similar 

pattern of error reduction to the previous experiment while uniformly raising the 

overall recognizer performance level somewhat. 
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systems Ref+lO0 100-best 

MLDM-SM:2-mix, 1-H 50.7 57.0 

MLDM-SM:2-mix, 2-H 50.4 56.6 

MLDM-SM:2-mix, 3-H 50.5 56.8 

I HMM-baseline 11 56.2 58.9 

Table 4.2: Performance (WER) of MLDM-SM with two mixtures and different mun­

hers of if switching values (trained with "1/2 hour" training set) 

Compared with the "HMM-baseline" trained on the same data. the new 

switching dynamic system model with 2 mixtures and 2 H switching values achieves 

2.3% absolute WER reduction on the "100-best" case and more than 10% relative 

WER reduction on the "Ref+ 100" case. 

4.5.2 Experiment II: Models trained with multiple speakers' 

data 

In these experiments. the amount of training data is increased. First, the "1 hour" 

training data set is used. The results are listed in Table 4.3. For the two-mixture 

(2-mix) case. we observe a WER reduction from the use of one H value to the use of 

more than one H values. Similar observations are made for the four-mixture ( 4-mix) 

case. although the WER reduction is of less magnitude. 

Then, for the four-mixture ( 4-mix) case, we further experimented with using "2 

hour" training set. The WER results are shown in Table 4.4. A greater error 

reduction is observed moving from one H value to two H values when compared 

with the earlier result of Table 4.3 with use of fewer training data. 
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I systems I Ref+lOO I 100-besl I 
MLDM SM·2 mix 1 H 51 0 57 1 
1 1 - 1 -

' 
- . • .l. 

MLDM-SM:2-mix, 2-H 50.1 56.4 

MLDM-SM:2-mix, 4-H 50.0 56.4 

MLDM-SM:4-mix, 1-H 49.8 56.6 

MLDM-SM:4-mix. 2-H 49.6 56.5 

Table 4.3: Performance (WER) of MLDM-SM with two mixtures and different H 

values ( trained with .. 1 hour" training set) 

systems Ref+lOO 100-best 

MLDM-SM:4-mix, 1-H 49.5 56.0 

MLDM-SM:4-mix, 2-H 48.8 55.8 

Table 4.4: Performance (WER) of MLDM-SM with two mixtures and different H 

values ( trained with .. 2 hour" training set) 
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4.5.3 Some analyses of model behavior and experimental re­

sults 

In the previous subsection I showed how the system performance is impacted by 

the increasing of the number of H switching values. Some limited improvements 

have been obtained. However, from those results in the previous subsection it is 

hard to see if our original design objective (improving the mapping accuracy on the 

measurement equation) is achieved or not. So. in this subsection I provide some 

analyses on this. 

The analyses here are based on the fact that the noise covariance matrix R on the 

measurement equation (Eqn.(4.3)) (or the noise variance if R is treated as diagonal 

as in our model implementation) is estimated according to Eqn.(4.41), where e2 is 

the difference of the actual MFCC and the output of the h( •) function. Thus, if 

the function h( •) accurately describes the relation between the VTR space and the 

MFCC space. the estimated R will be small. Otherwise, the estimated R will be 

large. Therefore, the accuracy of approximating the physically nonlinear relation 

between the VTR space and the MFCC space using a piece-wise linear function as 

implementing by switching-H values can be assessed by e:iramining the size of the 

estimated noise variance, R. 

As typical examples, the diagonal values of the estimated R for phone models 

'-aa"'. '-d". and "'n" are shown in Table 4.5, 4.6 and 4.7, respectively. (Column 

three lists the average values of these diagonal elements.) We observe that these 

estimated variance values are strictly decreasing with the increasing number of H­

switching values. When the number of H-switching values is increased from one 

to four. the average R value is decreased from 22.1 to 18.6 for "'aa", from 22.2 to 

19.6 for '"d", and from 20.0 to 17.6 for '"n", respectively. This suggests that the 
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accuracy of approximation to the nonlinear mapping on the measurement equation 

by using the piece-wise linear function is improved with the use of piece-wise linear 

functions. Therefore, our original design objective of improving the approximation 

to the nonlinear mapping is achieved. 

no_of_H diagonal elements of R average 

lH 10.0 14.6 17.1 22.5 21.7 18.9 32.3 28.4 29.4 23.5 24.4 21.8 22.1 

2H 8.87 13.4 14.6 20.0 21.3 20.1 29.7 27.5 30.9 21. 7 23.4 21.8 21.1 

4H 6.92 11.5 13.4 18.6 17.8 19.2 26.9 19.7 27.9 23.4 17.6 19.7 18.6 

Table 4.5: Values of diagonal elements of R noise variance for the phone model "aa .. 

as a function of the number of H switching values. 

no_of_H diagonal elements of R average 

lH 8.9 17.5 18.8 16.9 19.8 25.6 27.4 27.2 30.2 27.2 26. 7 20. 7 22.2 

2H 5.6 16.8 16.4 15.1 18.8 24.9 26.4 23.4 31.4 23.6 24.4 19.8 20.6 

4H 5.2 17.0 16.7 15.0 17.0 24.8 24.9 22.9 27.4 21.8 24.7 19.6 19.6 

Table 4.6: Values of diagonal elements of R noise variance for the phone model "d~ 

as a function of the number of H switching values. 

It is interesting to note that the improvement in the linear piece-wise approxima­

tion accuracy as reflected by the reduced R value is correlated with the mild WER 

reduction in the speech recognition results presented earlier in this section. How­

ever, the system's performance (WER) was not improved (less than 1%) as much as 

that in the noise covariances (more than 10/This phonemenon is consistent with our 

observation in Chapter 2 when we were trying to decrease prediction errors of the 
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no_of_Jl diagonal elements of R average 

lH 6.0 15.9 16.8 15.5 18.7 20.7 18.9 27.2 31.0 26.3 21.4 22.0 20.0 

2H 6.1 15.6 15.0 16.6 18.1 21.1 17.8 26.9 24.1 24.4 20.8 19.6 18.8 

4H 5.5 14.5 13.9 16.4 18.4 17.9 16.0 26.1 20.9 23.9 18. 7 19.0 17.6 

Table 4. 7: Values of diagonal elements of R noise variance for the phone model '"n" 

as a function of the number of H switching values 

nonlinear function MLPs. From the observation obtained from both Chapter 2 and 

this chapter. we would like to make the following conclusion: the relation between 

the hidden space ( VTR) and aco·ustice space ( MFCC) is highly complicated. not a 

q·ual·itative improvement on the approximation accuracy doesn't impact the system ·s 

performance much. 

4.6 Conclusion 

A more general version of the mixture linear dynamic model, the mixture linear 

dynamic model with switching parameters on the measurement equations, has been 

developed in this chapter. The novelty of the model is the use of piece-wise lin­

ear functions to approximate the physically nonlinear function between the partially 

observable VTR space and the observable MFCC space. This approximation is ac­

complished by introducing frame-dependent, discrete switching parameters (H pa­

rameters) in the observation equation in the state-space formulation of the model. 

A series of speech recognition experiments have been carried out to evaluate 

this new model. The experimental results show that the approximation accuracy is 

improved with an increasing number of H-switching values (about a 10% reduction 
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in the estimated measurement noise variances). The new version recognizer using 

the N-best rescoring evaluation paradigm also show some varying degrees of WER 

reduction compared with using no switching H parameters (number of H values= 1) 

in the otherwise identical speech model. 

It has also been observed that the systP.m's pPrformanc-e (WER) was not improved 

as much as that in the noise covariances or approximation accuracy. Because of the 

high complexity of the nonlinear relationship between VTR and MFCC spaces, it will 

not impact the system's performance much if the increasing on the approximation 

accuracy is not qualitative. This phenonemon is consistent with our observation in 

Chapter 2. 



Chapter 5 

Efficient Decoding Strategies for 

the New Dynamic Model 

In the previous chapters we didn't touch the decoding problem for our new dynamic 

models, in all the experiments there we fixed the model dynamic boundaries sub­

optimally from HMM phone boundaries during both the training and recognition 

processes. Due to the continuity constraint imposed on the hidden dynamics(VTR), 

local likelihood computations become dependent on past path histories. It doesn't 

allow any path deletion during search if the global optimality is needed. So the 

search space grows exponentially with time, it makes the search infeasible. That is 

why we avoided this problem in the previous chapters. But from experiment results 

we found that the dynamic boundaries are of importance to the dynamic model. So, 

in this chapter we deal with the decoding problem for the new dynamic model. An 

analysis of the search problem is first provided, then based on the analysis three 

efficient approximate decoding approaches are developed. 

95 
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5.1 Introduction and Motivation 

It is well known that search is a challenging problem for all those so-called "seg­

ment" models [60}. Because likelihood computations are based on segments for 

those models, to calculate models' likelihoods segmentations must be known first. 

This requirement is reflected on the dynamic programming (DP) search algorithm 

for "segment" models as that an additional set, segmentation set, must be added to 

the path deletion process. In [60} the DP search algorithm was given as follows. 

Iterate: t = 2. 3. • • •, T: Vi E St, l-r = t - r. p( t, i) ·is segmentation set. 

<>t(i) - max;es,.,rEp(t,i){d-r(j) + log[p(Y-r+i, • • ·, Ytll-r, i) p(l-rli) p(ijj)]} (5.1) 

1Pt(·i) = argmax;es,.,rEp(t,i){d-r(j) + log[p(Yr+i, • • •. Ytll-r. ·i) p(l-rli) p(·ijj)]}(5.2) 

In the above algorithm p(t, i) is added to the most likely path choosing process. 

which is the set of all possible segmentations up to time t at node ·i. Apparently 

p( t, i) becomes larger and larger with time increasing, it makes the search costly. For 

HMMs p(t. ·i) shrinks to a single point, t - 1. 

For our new dynamic model, the situation becomes different. it is even worsened. 

The DP search algorithm for the new dynamic model is as follows. 

Iterate: t = 2, 3, • • •, T; Vi E 'Yt, "ft ·is path set at time t. 

dt(i) - {Jt-1U) + log[p(Ytli,Si,t) p(Si,tlS;,t-d]}, j E 'Yt-1 (5.3) 

1Pt(i) - argmax;E'Yt-1 {Jt_i(j) + log[p(ytli, si,t) p(Si,tlS;,t-d]} (5.4) 

where Si,t is the state where path i stays at time t. 

In the algorithm ·i and j become path indexes instead of node indexes in the 

earlier case. Because the local likelihood P(Ytli, Si,t) is dependent on the past path 

j, the path deletion is not allowed any more, the "mar' term in Eqn.(5.3) has gone . 
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Obviously, the number of paths grows exponentially, which make the search for the 

new model impossible. 

Why do we touch this challenging problem? The motivation is this: in the ear­

lier investigation work on the nonlinear version of this new dynamic model given 

in Chapter 2 [67] and [3], we found that a very important. far.tor affeding the new 

recognizer's performance is the boundaries of the dynamic regimes in the VTR dy­

namic model of speech. When the boundaries were manually 1 adjusted from those 

automatically ( often with gross errors) determined from an HMM system so as to 

conform to the dynamic regimes expected from the model, drastic reduction of recog­

nition error in the Switchboard task was consistently observed. This motivates the 

current work aiming to develop efficient (segmentation) algorithms which can auto­

matically determine the optimal dynamic regimes in training the recognizer and in 

scoring spontaneous speech utterances. 

The optimality criterion, chosen to be the likelihood on the observation data 

(MFCC sequences), is based on the dynamic VTR model used to represent the 

dynamic patterns of speech. rather than based on other inconsistent forms of model 

such as HMM. This achieves the desirable goal of consistency modeling in the entire 

speech recognition system. 

5.2 Analysis of the Problem 

Let's explain first in this section why the standard dynamic programming approach 

(Viterbi algorithm) can not be applied directly to search for optimal dynamic regimes 

in the hidden dynamic model of speech. This is so no matter how small the number of 

1This work was done during the Workshop 1998 held in John Hopkins University. See the website 

http://wun.o.clsp.jhu.edu/ws98/ for details. 
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the dynamic regimes is. In short, the difficulty for the search efficiency arises because 

of the continuity constraint imposed across dynamic regimes in the hidden variable 

domain. A consequence of this continuity constraint is this: at any fixed node in 

the trellis search diagram, the local likelihood scores. into a fixed future node will in 

general be different depending on the past history arriving at the current node. 2 

As stated in Chapter 2 , the log-likelihood of the new model producing a sequence 

of observations is computed from the innovation sequence. Let's re-write Eqn.(2.54) 

here. 

(5.5) 

where 01c and :E0 ,. are the mean and covariance of the innovation at time k. 

01c and I:01 are calculated from Kalman filtering process. Kalman filter is a 

recursive state estimation algorithm. It is illustrated in Table 5.1. At each time 

recursion. it runs prediction, innovation and filtering processes. 

From the filtering algorithm one can see that the calculation of the mean and 

covariance of innovation sequence at current time k. used for the local score compu­

tation. is dependent on the prediction values Z1c11c-i and :E1c11c-i, and the predictor 

is is initialized by the filtered state values Zk-llk-1 and :E1c-ijk-l at the previous 

time k - 1. So the local score computation depends on the previous recursion. Fur­

thermore, the previous recursion is initialized by those filtered state values at the 

one further previous time point k - 2, and so on. The continuity constraint of the 

2It is the difficulty of such a type which prevents further development of a model that is also 

substantially different from the conventional HMM [64]. Note also that the computational com­

plexity associated with most versions of stochastic segment models [60] arises from very different 

causes where no explicit constraints across segments are imposed. 
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time k -1 

Prediction: 

zk,k-1 = ~zk-llk-1 + (r - ~)T 

I Eklk-1 = ~Ek-llk-1 ~' + Q 

-!. 

Innovation: 

6k = O(k) - h(Zklk-d 

Ea. = Hklk-1Eklk-1H~1A:-1 + R 

Kk = Eklk-1H~lk-l Ea~ 

-!. 

Filtering: 

zklk = zklk-1 + Kk6k 

Eklk = Eklk-1 - KkE61r K~ 

-!. 

time k + 1 

local-score at k: 

Table 5.1: An illustration of Kalman filtering algorithm 

99 

hidden dynamics enforces this initialization process is carried out even at the phone 

boundaries, by setting the filtered values at the last time point of previous phone 

to be the initial values for the innovation calculation at first time point of current 

phone. Therefore. the likelihood computation at current time becomes dependent on 

the whole past path. Let's give an simple example to illustrate this. 

In the trellis depicted in Fig.(5.1), we show three left-terright dynamic regimes 

(S1 , S2 , and S3 ) for simplicity reasons. At time frame t = 3, there are two possible 

paths entering regime S2: "bll ➔ b22 ➔ b23", and "bll ➔ b12 ➔ b23". Note that 
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at time t = 2 these two paths have an identical value, Z111, E111, to initialize the Ex­

tended Kalman Filter (EKF). But since the two paths use distinct model parameters 

(T, t), one from S1 and the other from S2 , they generate different likelihood scores, 

Li(t = 2) and L2(t = 2), as well as different filtered values, 2'1,212, E1,212 and 2'2,212, 

E., .,,.,. At frame t = 3. these two oaths will use the same model ( S.,) parameters for -,-,- . .. -, .. 

the EKF (in likelihood computation) when they enter into regime S2, but their initial 

points, 2'1,212, E1,212 and 2'2,212, E 2,212, for the EKF are different. Therefore, these two 

paths will generate distinct regime-bound, local scores, L1(t = 3) and L2(t = 3), and 

distinct filtered values Z1,3l3, E 1,3l3 and 2'2,313, E2,313, at frame t = 3 and for regime 

In Viterbi algorithm for the conventional HMM, at this point the path with lower 

likelihood of among the two (i.e., the smaller one of £1(t = 1) + Li(t = 2) + Li(t = 3) 

and L2 ( t = 1) + £2 ( t = 2) + L2 ( t = 3)) can be dropped for future path growth without 

losing global optimality. This is so because the two paths would give an identical 

score when entering node "b34" ( or "b24") and would behave identically in the future 

path expansion. 3 

However. if we were to drop the low-score path at node "b23" as in the Viterbi 

algorithm for HMM, we would lose global optimality. This is so because both paths 

emanating from "b23" will generate different local scores while entering node "b34" 

( due to different initial values, Zt,313,Et,313 and Z2.3l3, E 2,313 for EKF) and would hence 

behave differently in the future path growth. 

The problem exemplified above associated with the dynamic model and with use 

of the KF algorithm applies to essentially all nodes in the trellis. That is, due to the 

continuity constraint in the VTR domain from one dynamic regime to the next,4 no 

3This is the essence of dynamic programming or Viterbi algorithm. 
°'This is implemented by forcing the end value of the earlier regime to initialize the KF for the 
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path drop shall be allowed without losing global optimality. In theory, the search 

space expands exponentially with time. 

b33 b34 
S3 0 0 0--0 I I I If It I 

bll /,n/,24 
S2 0 0~0--0 I I I I I If I 

bl✓bl2/bl014 
SI 0-0-0--0 I I If I It I 

t= 2 . 4 J T 

Figure 5.1: An example trellis diagram to show that the conventional trellis search 

is not applicable in theory because local scores into a future node depend on the 

history into the current node 

Two strategies. path deletion and path merging, can be used to reduce the search 

space. Either of them makes the search not optimal. What we can do is to de­

sign efficient path deletion and merging strategies to make the search undermined to 

the least extent. Based on path deletion strategy, a path-stack decoding algorithm 

(PS-D) has been developed. Based on path merging strategy, two approaches, a 

second-order general pseuderBayesian decoding algorithm (GPB2-D) and an inter­

acting multiple model decoding algorithm (IMM-D), have been developed. All the 

three approaches successfully convert the original problem which is exponential in 

time to one which is only linear in time. The PS-D algorithm will be elaborated in 

Section 5.3, the GPB2-D and IMM-D algorithms will be addressed in Section 5.4. 

newly entered regime. 
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5.3 Path deletion strategy: the PS-D algorithm 

The PS-D algorithm uses an intuitive way to do path deletion, the essence of this 

algorithm is to use a path-stack at each node in the trellis to maintain a sufficient 

but limited number of the promising paths ( details can be found in (2]). 

Essential to this .. path-stack" algorithm is our discovery that the initial filter 

error covariance, Ekjk, is of much less importance in determining likelihood scores 

than the initial filter value, zklk· It was also discovered that if the filtered values 

of two paths are close to each other then the behavior of these two paths in the 

future will be very similar. In the example of Fig.(5.1), when the filtered values, 

Zi,313 and Z2,3 13 (corresponding to the two paths at node .. b23" at frame t = 3), 

are not far apart from each other, then they will produce similar likelihood scores 

( using the same model parameters of S3 ) when they enter node '"b34" at time frame 

t = 4. Further. due to the asymptotic. target-directed property of the VTR dynamics 

modeled by Eqn.(2.1), the filtered values of the two paths at time t = 4, Z1,414 and 

2'2.414 , will become more similar in value. This will guarantee the similarity of scores 

at future time frames associated with these distinct two paths occurring at an earlier 

time frame. Therefore. if we drop one ( with a lower score) of these paths with similar 

filtered values at an early time frame, the loss of global optimality would be minimal. 

In order to prevent the number of paths from increasing exponentially with time, 

we add a path stack at each node and time frame, and limit the size of the path 

stack to a fixed value. The size of the path-stack defines how many paths are kept 

for the node. If the size is small, the path dropping becomes heavy. By adjusting 

the stack size. we strike a balance between the degrees of optimization and of search 

efficiency. 

Based on the above observation and computational constraint, we have developed 
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the following operation on the path-stacks: At time t = k and node b, calculate the 

path likelihood of them-th path ending at node b, L(b, m, t = k), and calculate 

the filtered (by EKF) values, Zm,klk and I:m,klk (They are denoted by Z(m, k) and 

P(m, k) respectively in Fig.(5.2) for convenience). Then, compute the distance, Dmi, 

between Z.,.,,.,,. and Z,,,.,,. of the ·i-th path already in the path-stack of node b. Choose 

the path whose filter value is closest to Zm,klk (say j-th path). H the path-stack of 

node b is not full and the distance Dm; is greater than a preset threshold. insert 

the new path into the path-stack. Otherwise, if the new path has higher path score. 

substitute it for the early stored j-th path. if not, drop the new path. 

The entirety of the path-stack algorithm as we have implemented in this work 

for optimizing dynamic regimes and for (approximate) maximum likelihood scoring 

is shown in Fig.(5.2). K is the utterance length, N is the total number of nodes in a 

lattice or in an N-best list, and S S is the maximum number of paths allowed to be 

kept in a path stack. 

The computation complexity of this algorithm is proportional to SS * K. where 

S S is the size of the path-stack (pre-determined) that need to be processed at each 

node in the search trellis. This algorithm turns the original search problem which is 

exponential in K (tree search) into one which is only linear in K. 

The path-stack algorithm described above avoids the exponentially growing com­

putation inherent in the exhaustive search by keeping only a limited but sufficient 

number of promising paths at each trellis node. It extends the earlier search al­

gorithms and ideas developed mainly for the HMM-based recognizers, including 

the stack idea, the N-best search idea, and the idea of limiting the stack growth 

[22. 21. 20]. Our specific contribution lies in applying these ideas to the specific 

speech model where different types of information are used to determine whether 

to grow, to maintain, or to delete the stack entries during the trellis search. The 
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For each frame , O(k), in the observation squence of an utterancc(0 < k < K + 1) 
best_score(k) = negative_infinity; 
For each node (phone) i in the lattice (or in a N-best list) of the utterance (0 < i <N+ 1) 

Let n_path_in_stack_of_node_i = 0; 

For each node j {not pruned) which can enter node i (0 < j < N+ 1) 
For each path m existing in the path stack of node j at time k-1 ( 0 < m < SS+ 1) 

Calculate acoustic score Ll(O(k)I i, m), filtered dynamics Z{m,k) and its error covariance P(m.k); 
Let min_distance = infinity and min_path_index = 0; 
For each path I existing in the path stack of node i at time k ( 0 < I < SS+ 1) 

Let distance= I Z(i, I, k) -Z{m,k) I; 
if ( distance < min_distance ) 

min_distance = distance; 
min_path_index = l; 

endif 
End 

Let path_likelihood = L(j, m, k-1) + Ll(O(k)I i, m); 

if ( {n_path_in_stack_of_node_i < SS) and (min_distance/ I Z{m,k)I > Thres_deletion)) 
L( i, n_path_in_stack_of_node_i, k) = path_likelihood; 

Z( i, n_path_in_stack_of_node_i, k) = Z( m, k ); 

P( i, n_path_in_stack_of_node_i, k ) = P( m, k ); 
n_path_in_stack_of_node_i ++; 

Remeber the back pointer from ( i, n_path_in_stack_of_node_i ) to ( j, m ); 

else if ( L(i, min_path_index, k) < pathJikelihood ) 
L ( i, min_path_index, k) = path_likelihood; 
Z ( i, min_path_index, k ) = Z ( m, k ); 

P ( i, min_path_index, k ) = P ( m, k ); 
Re-set the back pointer for node (i, n_path_in_stack_of_node_i) to (j, m) 

else 

Drop the new path and keep the stack untouched; 
endif 
if ( path_likelihood > best_score (k) ) 

Let besLscore (k) = path.Jikelihood; 
endif 

End 
End 

End 
Do the following path pruning if needed. 
For each node i in the latticcand each path k in the path stack of node i 

if ( I (best_score (k) - L{ i, m, k ) ) / best_score(k) I > Thres_pruning) 
Prune path { i, m) from the search space; 

endif 
End 

End 
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Choose the path with maximum likelihoood. maxpathlikelihood = max L{ i, m, K) over node i and path k in the stacks 

Trace back to obtain the segmentation of dynamics and its associated speech units. 

Figure 5.2: The Path-Stack Search Algorithm 
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algorithm has been kept within the time-synchronous, dynamic programming frame­

work. 

5.4 Path merging strategy: the GPB2-D algorithm 

and the IMM-D algorithm 

The path merging strategies in the GPB2-D and the IMM-D algorithms are both 

borrowed from control area [77, 78] . So before going to elaborate them, I would like 

to give a brief background introduction. 

5.4.1 Background Introduction 

In control area there is a special model called a model with switching parameters. 

The model parameters are not time-invariant, neither do they vary continuously with 

time. The parameters switch among a number of sets of fixed values from time to 

time. So sometimes it is also called a switching model. One example of this type 

of model is given in Eqn.(5.6) and (5.7) [78], where s(k) denotes the mode of the 

model at time k. which is assumed to be one of M possible modes, s(k) E {si}~1. 

Apparently the parameter switching could happen at any time. 

Z(k) - F[s(k)]Z(k- 1) + W(k - 1, s(k)) 

O(k) - H[s(k)]Z(k) + V(k,s(k)) 

(5.6) 

(5.7) 

This switching phenomenon is similar to the node transition during the trellis 

search in speech recognition, where the paths could transit from one node to other 

nodes at any time point. Therefore, the merging strategies in the former case may be 
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transplanted to the trellis search for the new dynamic model. In our case each node 

of the trellis represents a phone, which is described by one of the dynamic models. 

Z(k) - <;(il Z(k - 1) + (I - <;(il)T(i) + W(i)(k) 

O(k) - h(il(Z(k)) + V(il(k) 

(5.8) 

(5.9) 

The properties of this new dynamic model have been introduced in Chapter 2. 

they will not be repeated here. The only difference is the node ( or phone) index -i 

added to the model. The index i also indicates the dynamic regime which corresponds 

to node or phone i ( or a unique set of model parameters). As the speech utterance 

traverses. during the trellis search, from left to right in time. phone-sized dynamic 

regimes switch from one to another, which induces the switching process among M 

parameter sets 0(i) = { <;(i), T(i), R(i), Q(i), h(il}, where i = 1, 2, ... , M and M is the 

total number of phones. 

The model parameters are discrete at the dynamic regime boundaries (i.e .. no 

constraints), However. the underlying dynamics, as analyzed before, is constrained 

to be continuous at the dynamic regime boundaries. 

5.4.2 State estimation for the model with switching param­

eters 

In control area engineers are more interested in the hidden state estimation given 

observations. For a conventional state-space model with fixed parameters, the goal of 

optimal (in both the Bayesian sense [94] and the minimum mean square error sense 

[93]) state estimation (filtering) is to calculate the conditional mean and covariance 

of Z(k) given the observations up to time k. Let's use Ot to denote the observa­

tion sequence {01, 02, ... , Ok}, zklk the conditional mean, and :Eklk the conditional 
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covariance, then 

and 

Eklk = Cov[Z{k)IOt] 

Generalizing from the fixed-parameter case to the case where the state-space 

model parameters switch with time, since how the model parameters switch is un­

known, the mean and covariance of Z(k) will be conditioned not only on the ob­

servations up to time k but also on the evolution history of the model parameter 

switching. Therefore, the conditional mean and covariance will become 

(5.10) 

and 

(5.11) 

where Sk is a discrete variable indicating which of the M modes { or nodes in the 

trellis search) is switched at time frame k. 

If the switching evolution process were known, the conventional state estimation 

techniques would directly apply [93, 76]. Suppose Sk = ik, Sk-l = ik-1, .... s1 = i1, 

where ik ( 1 :5 ·ik :5 M) is the index to the mode which the dynamics in the system 

switches to at time k, then the state estimates become 

{5.12) 

and 

(5.13) 

Eqn.(5.12) and (5.13) is referred to as the elemental estimator [75, 85] in the overall 

state estimation procedure to be discussed. 
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However, either in the switching model or in the trellis search of speech recogni­

tion, the switching evolution process is unknown. In principle, all the possibilities of 

the evolution ( or paths) have to be considered during the estimation. At each time 

point, any one of the M modes (or nodes) could be chosen, and such as, there are 

potentially as many as Mk paths for the switching evolution up to time k. Each of 

these paths forms an elemental estimator based on the conventional state estimation, 

and hence there are a prohibitively large number (Mk) of the elemental estimators at 

time k. Therefore. the overall state estimation has to sum up over all this possibilities 

according to their probabilities. 

For simplicity purpose, we adopt the following notation: 

'Pk: all paths of the switching evolution up to time k. 

VJk(n): the n-th (out of Mk) path of 'Pk. This can be explicitly written as VJk(n) = 

V'k-dm.) is them-th path of 'Pk-i, from which VJk(n) stems. That is, V'k-1(m) = 

Pk(n): the probability of 1/lk(n) being true given Ot; that is, Pk(n) = Pr(1/Jk(n)IOt). 

Using the above notation, the following state estimation algorithm, by applica­

tions of Bayes' rule, can be obtained (see the derivation in Appendix E). 

Estimates for the state (continuous) and its covariance: 

Zklk = L Pk(n)Zn,klk (5.14) 
nE'i'1: 

~klk - L Pk(n){:En,klk + [Zn.klk - Zklk}[Zn,klk - Zklk]'} (5.15) 
nE'i'1: 
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where Zn,klk and En,klk is the elemental estimate for the fixed n-th evolution: 

E[Z(k)lsn,k = in,k, Sn,k-1 = in,k-1, ... , Sn,l = in,1, ot] 

Cov[Z(k)lsn,k = in,k, Sn,k-1 = in,k-1, ... , Sn,l = in,l, ot] 

The probability Pk(n) is recursively updated according to: 
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(5.16) 

(5.17) 

P, ( ) p(O(k)l1Pk(n),ot-
1
) p . I ok-1 ) 

kn = p(O(k)IOt-1) (sn,k = 1.n,k 1Pk-dm), 1 )Pk_i(m (5.18) 

where the normalizing factor p(O(k)IOt-1) is computed from 

L p( O(k )l1Pk(n), ot-1 )P(sn,k = ·in,kl1Pk-1(m), ot-1 )Pk_i(m ), (5.19) 
neit. 

where p(O(k)l1Pk(n). ot-1) is the density of the innovation (or residual) process of 

the n-th elemental estimator and is calculated during the elemental estimation. and 

P(sn,k = in,kl1Pk-dm), ot-1) characterizes the evolution of the switching, which is 

assumed to follow a first-order Markov chain and to be known in advance. The 

first-order Markov chain can be expressed by the following transition probability 

matrix: 

Pu P12 P1M 

p= 
P21 P22 P2M 

(5.20) 

PMl PM2 PMM 

where Pii = P(sk = ilsk-1 = i) and Ef:iPii = 1 for all ·i.. P(sk = ilsk-1 = i) is the 

probability of the system dynamics which switches from discrete state (i.e., phone) ·i 

to discrete state j at time k. For this Markov chain, the current state depends only 

on the previous state, so P(sn,k = in,kl1Pk-1(m), ot-1) becomes P(sn,k = in,klsn,k-1 = 

in.k-d• Therefore. Eqn.(5.18) can be drastically simplified to 
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However, even under this Markovian assumption, the elemental estimator is still 

conditioned on the entire switching history, 1/J1c(n). As such, the number of the 

elemental estimators grows exponentially with time. To make the state-estimation 

algorithm computationally feasible, approximations have to be made which would 

make the estimation suboptimal as a price paid for alleviating computation burden. 

Two typical approximate approaches have been invented for this case. Both are 

based on merging the evolution hypotheses in a time-synchronous manner. The two 

merging strategies and the associated suboptimal state estimation algorithms will be 

discussed below. 

5.4.3 Approximation I: A generalized pseudo-Bayesian 

approach 

The general pseudo-Bayesian approach ( GPB) has been used for state estimation in 

the target-tracking and econometrics literature for general dynamic systems [78. 75, 

85. 82. 91]. We extended this approach, which has been developed specifically for 

speech recognition applications, to our specially constrained dynamic system model 

described in the previous chapters for the speech dynamics. 

First-order GPB (GPBl) and second-order GPB (GPB2) for general linear dy­

namic systems have been available in the literature [78]. In the first-order GPB, the 

state estimate is carried out under each possible current model at each time k. In the 

switching evolution history -r/J1c(n) = {sn,k = in,k, Sn,k-1 = ·in,k-1, ••• , Sn,l = in,1}, only 

the most recent term sn,k = in,k is kept, while the other terms are dropped. That 

is, 1/J1c(n) is approximated by {sn,k = in,1c}. Therefore, only M out of Mk paths are 

considered by merging all "'older:, paths for all models at time k - 1. This approach 

is very efficient in computation, but the price for loss of accuracy would be too great 
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to be used for implementing our speech recognition decoding algorithms because of 

the heavy merging. 

In the second-order GPB which we use for implementing one of the speech recog­

nition decoding algorithms, the state estimate is carried out under each possible pair 

of current and previous model at each time k. In the switching evolution history: 

the most recent two terms, Sn,k = in,k and Sn,k-l = in,k-l, are considered and earlier 

terms are dropped. That is, 'if;1c(n) is approximated by {sn,k = -in,k,Sn,k-1 = ·in,1c-1}. 

Therefore, a total of M2 paths for the path combination are considered at each time 

frame. For this case. all the paths for each model at time k - 1 are merged. The 

merging in GPB2 is not as heavy as GPBl and its estimation accuracy is substantially 

higher. We describe and derive GPB2 in detail for the new constrained switching 

dynamic model of speech. 

Given the GPB2 approximation, the precise elemental estimator Eqns.(5.16} and 

(5.17} has now been approximated by 

and 

For simplicity purposes, in the following derivation of the state estimate. we will 

use s1c, s1c-i, j and ·i to represent sn,k, Sn,k-1, in,k and ·in,/c-1, respectively . and will 

adopt the following notation: 

zt~t~l E[Z(k)ls1c = j, Sk-1 = i, ot-1
] (elemental predictar) 

E~t~l - Cov[Z(k)ls1c = j, Sk-1 = i, ot-1] 
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z(i.j) 
klk - E[Z(k)lsk = j, Sk-1 = i, ot] ( elemental filter) 

E(i.i) 
klk Cov[Z(k)lsk = j, Sk-1 = i, at] 

• (j) 
E[Z(k)lsk = j, ot] ( merged state estimate) zk,k -

E(i> 
klk - Cov[Z(k)lsk = j, ot]. 

Merging and state estimate 

With use of the above notation. the state estimate, Eqn.(5.14) and (5.15), has become 

MM 
zk,k = ~ ~ P( • ·1ok)z· (i,j) L.., L.., Sk = J, Sk-1 = ·t l kjk (5.22) 

j=l i=l 

MM 

Eklk = LL P(sk = j, Sk-1 = ilOt) 
j=l i=l 

In GPB2, the merging takes place at each model (discrete state), and the merged 

estimate at node j is calculated according to 

• (j) 
zklk - E[Z(k)lsk = j, ot] 

M 

- L P(sk-1 = ·ilsk = j, ot) • E[Z(k)lsk = j, Sk-1 = i, ot] 
i=l 

M 
= ~ P( ·1 • ok) z· (i,j) L.., Sk-1 = i Sk = J, l • klk (5.24) 

i=l 

Et! = Cov[Z(k)lsk = j, ot] 

M 

L P(sk-1 = ilsk = j, ot) 
i=l 

{ ~(•,i> + (z•<i,i> - z(j))(z<i,j) - z(i>)'} 
• -"klk klk klk klk klk (5.25) 

That is, the merged quantities are obtained by summing up all the possibilities at 

each model according to their individual posterior probabilities, P( Sk-t = ilsk = 
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j, Ot). It is easy to show that the state estimate, Eqn.(5.22) and (5.23), is equivalent 

to 

(5.26) 

( 5.27\ 
\ I 

The posterior probability P(s1c-i = ilsk = j, Ot) is called merging probabil­

ity and P(sk = ilOt) called mode probability. They are calculated recursively 

according to Bayes rule and by straightforward conditional probability manipulation: 

(5.28) 

and 

(5.29) 

In Eqn. (5.28) and Eqn.(5.29), p(O(k),sk = j,sk-l = ilOt-1) is computed by 

p(O(k),s1c =i,s1c-1 =·ilot-1
) 

= p(O(k)ls1c = j,sk-1 = ·i,ot-1
) 

• P(s1c = ils1c-1 = i, ot-1)P(s1c-1 = ilot-1) (5.30) 

where p( 0( k) ls1c = j, sk-i = i, ot-1) is the density of innovation (residual) sequence 

obtained during the elemental estimation, P(sk = ils1c-i = i, ot-1) = P(s1c = 

jjs1c-i = i) is the transition probability and is known,5 and P(s1c-i = ·ilOt-1
) is 

recursively calculated according to Eqn.(5.29) and (5.30) with the initial value given 

at time 0. 
5This is the transition probability of the discrete Markov switching process. In our phone-based 

model construction, this probability gives the bi-phone '"language model", which we fixed to be 0.5 

in our recognizer implementation. 
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Elemental estimator 

Many possible approaches are available for elemental estimate (i.e., conditional state 

estimation given the path history). The simplest approach we have adopted in the 

current recognizer implementation is the Kalman-type filter algorithms. In our rec­

ognizer implementation, the extended Kalman filter (EKF) algorithm ([94], [84], 

[93],[76], [77]) and the Kalman filter (KF) algorithm are used for the nonlinear ver­

sions and linear versions of our dynamic models, respectively. The Kalman-type 

filters have been adapted to suit the special structure of the speech model incorpo­

rating target-directed constraint and cross-regime continuity constraint. Use of the 

tailored Kalman-type filter algorithm for the elemental estimator here consists of the 

following steps: 

.z(i,j) 
klk-1 - <P(j) .z(il + (I - <P(j))T(il 

k-llk-1 (5.31) 

Eli,il <P(j) E(il <Plil 
, 
+ Q(j) (5.32) klk-1 k-llk-1 

6ii.j) - O(k) - h(z(i,il ) 
klk-1 (5.33) 

E(~.il H E (i,il (H )' R(il (5.34) o. - klk-1 klk-1 klk-1 + 
Ktil - E (i,j) (H )'[E(i,j)l-1 

klk-1 klk-1 6• (5.35) 

z(i.j) 
klk - z(i.i) + K(i,il oli,il 

klk-1 le k (5.36) 

E(i,il 
klk - E(i,il - K(i,ilE1~·i>(K1i,i))' 

klk-1 k o• k (5.37) 

where, Kki,j) is the (elemental) Kalman gain, Hklk-l is the Jacobian matrix of func­

tion h1i> ( ·) at point Zk~i~ 1 • 

While using the Kalman-type filters for the elemental estimator implementation, 

an assumption is made that the density p(O(k)lsk = j,sk-1 = i,ot-1) in Eqn.5.30 

is Gaussian and computed by 
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where 6ii.j) and E~:) are obtained from the Kalman filter given in Eqn.(5.31)-(5.37), 

d is the dimension of 6ii,j). 

Algorithm summary 

Each recursion of the GPB2 algorithm, tailored for our specially constrained. nonlin­

ear switching state-state model of speech. as detailed above in this sub-section can 

be summarized below for each time step: 

1) Cal ul l al • z"(i,i) d ~(i,i) " • • 1 2 M • th . c ate e ement estrmates, klk an "'klk , 1or ·t.J = . . .... , usmg e 

EKF listed in Eqn.(5.31)-(5.37), using the merged state estimates at the previous 

· z· (i) d ~(i) • ·t·al val trme step. k-llk-l an "'k-llk-l as lil1 1 ues. 

2). Calculate the merging probabilities, p(sk-l = ·ilsk = j, Ot), according to Eqn. 

(5.28), (5.30) and (5.38). 

3). Merge states for each model at the current time step using the merging 

probabilities according to Eqn.(5.24) and (5.25). (These will be used for the next 

time-step recursion). 

4). Calculate model probabilities, P(sk = ilOt), according to Eqn.(5.29). (5.30) 

and (5.38) . 

5). Calculate the state estimate, zklk and Ekjk, according to Eqn.(5.26) and 

(5.27). 

This algorithm is illustrated in Fig. 5.3 
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Step 1 Step 2 Step 3 Step 4 Step 5 

ele. estimator: mergmg merge states: m e state estimates: 
z(ij) I(ij) 
~k, ~k probability ZG) IG) 

~k, k probability 
Z~~ L~k 

Figure 5.3: A flow chart of GPB2 state estimation algorithm 

5.4.4 Approximation II: An interacting multiple model 

approach 

In the general interacting multiple model (IMM) approach [77, 78], the state estimate 

is carried out under each possible current model at each time step k. However. each 

possibility has its own initial value obtained by a weighted sum over all the estimates 

at the previous time k - 1. This differs from the GPBl approach (78] in which all 

possibilities are initialized by the same value. The merging in the IMM approach 

takes place just before the estimation begins at each current model, which differs 

from GPB2 in which the merging takes place after the estimation is completed at 

each current model. Like GPBl, the IMM approach has the same M possibilities 

considered at each time step, and hence have the same computational complexity. 

IMM is more accurate than GPBL Compared with GPB2, the IMM approach has 

significantly lower computational complexity ( a factor of M), but since the merging 

is more aggressive, it is expected to have a lower estimation accuracy. 

In this subsection, we adapt the general IMM approach to suit the special need 

of our specially constrained state-space model of speech dynamics. In this approach, 



CHAPTER 5. DECODING ALGORITHMS 117 

the elemental estimator is approximated by 

E[Z(k)lsk = j, ot] 

and 

Cm,r Z( k)l.cik = J·. O~l 
L, \ / f I ,1. J 

. Different from the GPB2 approach, each elemental estimator in the IMM approach 

now has its own initial condition. The Kalman-type filter algorithm for this case 

becomes 

A (j) 
~Cil zCil + (I - ~(il)T<il (5.39) Zklk-1 - k-llk-1 

(j) ~(i)f:(j) ~(j)' + Q(j) (5.40) Eklk-1 - k-llk-1 

-(j) O(k) - h(z<il ) (5.41) 01.: = klk-1 

E(fl 
o. - H E !il (H )1 R1il klk-1 klk-1 klk-1 + (5.42) 

K~il - E Cil (H )'[EUl]-1 
klk-1 klk-1 Ot (5.43) 

A(j) z(j) + K<il au1 (5.44) Z1.:11.: - klk-1 k k 

E!il 
1.:11.: - E<il - K(ilE(!l (KCil)' 

klk-1 k o. k (5.45) 

where. Zk~llk-l and f:~~llk-l are initial values for the j-th elemental estimator. These 

initial values are obtained by merging according to: 

Zk~llk-1 -

-

f:~~llk-1 -

E[Z(k - l)lsk = j, ot-1
] 

M '°' P( ·1 • o1.:-1)zA (iJ L., Sk-1 = 1. Sk = ], l k-llk-1 
i=l 

Cov[Z(k - l)lsk = j, ot-1
] 

M '°' P( ·1 • ok-1 ){di) L., Sk-1 = 1. Sk = J, l "-'k-llk-1 
i=l 

(5.46) 
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In the above Eqns.(5.46) and (5.47), P(s1c_1 = ils1c = j, ot-1) is called the 

mixing probability, and is computed recursively from Bayes' rnle: 

P(s1c = ils1c-1 = i, ot-1 )P(s1c-1 = ilot-l) 

E~1 P(s1c = ils1c-1 = i, ot-1)P(s1c-1 = ilot-1) 

P(s1c = ils1c-1 = i)P(s1c-1 = ilot-1) - ----,,-,,-------------,-- ( 5.48) 
Ei~l P(s1c = jjs1c-1 = i)P(s1c-1 = ijot-1) 

where the model probability P(s1c_1 = ilOt-1) is updated as in GPB2 (given by 

Eqn.(5.29) ). However, the density of the innovation sequence p(O(k)ls1c = j, s1c-i = 
i. ot-1) has been changed to 

p(O(k)ls1c = j,Sk-1 = i,ot-1) = (21rrfJE~~1-½exp{-~(6~>)'[E~~i-10f>} (5.49) 

where o~> and E~~ are obtained from the Kalman filter given in Eqns.(5.39) - (5.45). 

Algorithm summary 

The entire IMM algorithm for state estimation can be summarized as follows ( each 

time step): 

1). Calculate mixing probabilities, P(s1c_1 = ·ils1c = j, ot-1 ), using Eqn.(5.48). 

2). Calculate merged initial conditions, Zk~tlk-l and tf2111c_1, for each current 

model according to Eqn.(5.46) and (5.47), given the estimates at the previous time 

step k - 1. 

3). Calculate the estimates, .ikf[ and E~i, by running the KF listed in Eqn.(5.39) 

- (5.45). 

4). Update model probabilities, P(s1c = ilOt), according to Eqn.(5.29), (5.30) 

and (5.49). 

5 ). Calculate the state and its covariance estimates, Z1c11c and E1c11c, according to 

according to Eqn.(5.26) and (5.27). 
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This algorithm is illustrated in Fig. 5.4. 

Step 1 Step 2 Step 3 Step 4 Step 5 

sta.est. at nod. J ini. values: m el state estimates: Ill1X1llg zm tm G) probability probability I Zklk, Iu11 Z~~ I~k ' I I 

Figure 5.4: A flow chart of IMM state estimation algorithm 

5.4.5 Analysis and comparison of GPB2 and IMM approxi­

mations 

The essence or the commonplace of the merging in GPB2 and IMM is to approximate 

a Gaussian sum using a single Gaussian. The difference of them is the places they 

talce place. The merging precedes KF in IMM but follows KF in GPB2. This is 

elaborated in a brief analysis in this subsection below. 

To obtain the state estimates at node j, Z~fl and E~k in Eqn.(5.26) and (5.27), 

which are used for both GPB2 and IMM but calculated according to different ways 

in each approach, is eventually to calculate the conditional PDF p(Z(k)lsk = j, Ot). 

This conditional PDF can be shown to be equal to (94}: 

P( Z(k)ls•- =1·,ok1) - p(O(k)lsk =j,Z(k),ot-1) (Z(k)ls =. ok-1) 
"' p(O(k)lsk=j,Ot-1) p k J, 1 

- p(O(k)lsk = j, Z(k)) (Z(k)ls = . ok-1) (5.50) 
p(O(k)lsk =j,ot-1 )p k J, l 
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where p(Z(k)lsk = j, ot-1) can be expressed as (see proof in Appendix): 

p(Z(k)lsk = j, ot-1
) 

- f p(Z(k)IZ(k - 1), sk = i, ot-1) 

M 
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• [~ p(Z(k - l)lsk-1 = -i, ot-1 )P(sk-1 = ·ilsk = j, ot-1 )] dZ(k - 1) 
i=l 

(5.51) 

Let·s examine Eqns.(5.51) and (5.50) in some detail. First, it is not hard to find 

out that the PDF p(Z(k)lsk = j, Of) is recursively computed because its value at 

the previous time point p(Z(k - l)lsk-l = -i, ot-1) is needed in Eqn.(5.51). Sec­

ond. in Eqn. (5.51) p(Z(k)IZ(k - 1), Sk = j, ot-1) and p(Z(k - l)isk-1 = -i, ot-1) 

are Gaussians and P(sk-l = -ilsk = j, ot-1) is a constant. So the component, 

L~1p(Z(k - l)lsk-1 = £,ot-1)P(sk-l = -ilsk = j,ot-1), is a Gaussian sum, and 

this makes the entire integral of Eqn.(5.51) to be also a Gaussian sum. In Eqn.(5.50) 

p(O(k)lsk = j,Z(k)) is a Gaussian and the denominator p(O(k)lsk = j.Of-1) is 

a constant independent of Z(k). Hence, this further makes p(Z(k)lsk = j, Of) in 

Eqn.(5.50) to be a Gaussian sum. 

Usually the initial value at time 0, Z(0), is assumed to follow a Gaussian distri­

bution, or p(Z(0)lso = -i) is a Gaussian. At the first time point p(Z(l)ls1 = j. 0(1)) 

becomes a Gaussian sum with M mixtures after the calculation in Eqn. (5.51) and 

(5.50) (actually filtering process). At the second time point, p(Z(l)ls1 = j, 0(1)) will 

be plugged into Eqn.(5.50) to compute p(Z(2)ls2 = j, 0(2)). Because p(Z(l)ls1 = 

j,O(1)) is a mixture Gaussian with M mixtures, it will make p(Z(2)ls2 = j,Of) 

a mixture Gaussian with M * M mixtures after the filter processing. At the third 

time point. following the same procedure, p(Z(3)js3 = j, Of) will become a mixture 

Gaussian with M * M * M mixtures. If it keeps going, the number of mixtures will 

grow exponentially with time. This also demonstrates, from another point of view, 
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infeasibility of the original state estimation. To prevent the number of mixtures 

from expanding exponentially, the merging strategies are doing this: at each time 

point, the mixture Gaussian p(Z(k)lsk = j,Of) is approximated by a single Gaus­

sian, then it is used for the next recursion. By this way the number of mixtures of 

p(Z(k)!sk = j. Ot) is always kept to be M. 

Therefore. the essence of the merging in GPB2 and IMM is the use of approxi­

mations of a Gaussian sum by a unimodal Gaussian ( the Gaussian sum, p( Z ( k) I Sk = 
j, Ot), is approximated by a unimodal Gaussian). However, there are two places 

where the approximation can be completed. In the IMM approximation. the Gaus­

sian sum in Eqn.(5.51), 

M 

LP(Z(k - l)ls.1:-1 = ·i, ot-1 )P(sk-1 = ·ilsk = r ot-1
) 

i=l 

is approximated by a single Gaussian before KF, which results in the approximate 

unimodal Gaussian for p(Z(k)lsk = j, Ot). In contrast, for the GPB2, the Gaussian 

sum. p(Z(k)lsk = j. Of), is approximated directly by a single Gaussian after KF. 

Certainly, those two approaches result in different approximation accuracies and 

computational tradeoffs. Since the approximation is done after KF process in GPB2 

and before KF process in IMM, GPB2 approach is more accurate than IMM. On the 

other hand, since the mixture Gaussian 

M 

LP(Z(k - l)lsk-1 = i, ot-1 )P(sk-1 = ·ilsk = j, ot-1
) 

i=l 

is approximated by one single Gaussian before KF in IMM, IMM only need run one 

KF at each time step. On the contrary, GPB2 has to run M KFs at each time step. 

So IMM is faster than GPB2. 
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5.4.6 Decoding algorithms incorporating the merging strate-
. g1es 

The state estimation methods described in the preceding section have been adapted 

from the methods well established in the control engineering, econometrics. and 

time series analysis, where the interest has been mainly focused on the accuracy of 

the (continuous) state estimate confined within each individual and local discrete 

state. Our contribution therein has been to tailor the methods to suit our special 

speech model's structure. In this section, we incorporate these methods into a new 

speech recognition decoding strategy, aiming to search (time-synchronous) for the 

global optimal path through all discrete states (i.e., the entire parameter switching 

history). Once the global path is found, the recognizer produces the text output 

according to this global path. 

Before we present the two global decoding algorithms (incorporating the GPB2 

and IMM merging strategies, respectively), we briefly explain why a straightforward 

use of the state estimation methods described in Section 3 is not desirable. For both 

the GPB2 and the IMM, at each time step the posterior probability, P(sk = i!Ot), 

can be computed for each discrete state (j) or phone (Eqn.(5.29)). Therefore, at each 

time step, if we were to "decode" the discrete state based on the highest posterior 

probability (argmax 1<;<M P(s1c = i!Ot)), we would have a global "maximum a 

posterior., path. However, this will not be consistent with the decoding criterion for 

the maximum joint likelihood of the observation and path: max,t,TEiiT L( Of, 1PT ). 

We use an example to show inadequacy of the decoding criterion: 

In our left-to-right structure for the discrete-state or phone sequence, we have a 

sequence of observations that belong to an earlier discrete state. If there is an outlier 
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frame within the observations which makes the dynamics switch to a later discrete 

state, the left-to-right constraint will not allow the dynamics to switch back to the 

earlier (correct) discrete state. This is so even if the observations after the outlier 

are correctly consistent with the earlier state. That is, the earlier state would not be 

allowed to be chosen even if it had the highest posterior probability (P(s1c = jlOt) 

after the outlier. This is clearly not desirable. 

To implement a desirable decoding rule. max1PTE'ir L( or' 'ifJT ), which embeds 

a desirable mechanism of imposing the left-to-right constraint, we have developed 

a new dynamic programming based strategy. For the new speech dynamic model 

the standard Viterbi algorithm used for HMM cannot be applied directly to search 

for optimal dynamic regimes. This is so because different paths entering one node 

j in the trellis bring different initial values ( due to different path histories) to the 

local score calculation at node j. For example, in Eqn.(5.31)-(5.37), the filtered 

values and score calculation at state j and time k of the path coming from state i 

d d h • • 'al val z· (il d 't"'(il Th .J:.a- 'al • ·t·al val epen on t e llllt1 ues Tc-Ilk-I an "-'Tc-llk-i • ese uw.erent1 lill 1 ues 

will produce different filtered values and scores, which will be again used, due to the 

dynamics' continuity imposed across the adjacent discrete states, as initial values for 

the expansion of those paths at the next time k + 1. 

However, the GPB2 and IMM state estimation algorithms have provided effective 

ways to prevent the above problem of exponential growth of paths. The GPB2 uses 

Eqn.(5.24) and (5.25) to merge the different filtered values of those paths entering 

d • t' k z· (i,j) d di,j) d t • 1 • t z· (j) d 't"'(j) no e J at rme . klk an ""'klk are merge o a smg e pom , klk an "Tclk' 

according to their a posterior probabilities after the filtering at the current model. 

The IMM uses Eqn.(5.46) and (5.47) to merge the different initial values of those 

h • d • z·(i) d di) • gl • ·t·al • z-(j) d pat s entermg no e J, k-llk-l an ""'Tc-Ilk-I• to a sm e lill 1 pomt, k-llk-I an 

t(jl according to a posterior probabilities before the filtering begm· s at the 
k-llk-1' 
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current model. Both the GPB2 and IMM force all those paths to start off from the 

same point (have identical initial values) for their expansion at next time k + 1. . 

With incorporation of the GPB2 and IMM merging strategies into the dynamic 

programming search mechanism, two decoding algorithms are developed, one is the 

GPB2-D algorithm, the other is IMM-D algorithm. The GPB2-D algorithm is listed 

in Fig.(5.5) and the IMM-D algorithm listed in Fig. 5.6. 

In GPB2-D algorithm the first step of GPB2 state estimation algorithm is inserted 

inside the previous node loop. So different local scores are calculated for different 

paths coming from previous nodes because of the different initial conditions brought 

in. Those local scores are added to their corresponding path scores, then path dele­

tions are carried out. The second, third and fourth steps of GPB2 state estimation 

algorithm are inserted outside the previous node loop and inside the current node 

loop. So different paths ending at each of the current nodes are merged to a single 

one. At the end of each time step there is only one merged path coming out of each 

node. 

In IMM-D algorithm the first four steps of IMM state estimation algorithm are all 

inserted before the previous node loop. So for each of the current node all different 

initial conditions brought by different paths coming from the previous nodes are 

merged to one initial condition. Then one common local score is computed for all 

different paths, the common score is added to different path scores and then path 

deletions are carried out. Similarly, after each time step only one merged path comes 

out of each of the current nodes. 

Note that in both algorithms the last steps of GPB2 and IMM state estimation 

algorithms are discarded. That is because we are just borrowing GPB2's and IMM's 

merging strategies and we don't care about the state estimates at each local time 

step. 
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For each frame, O(k), in the observation sequence of an utterance ( 0 < k < K + l) 
Initialize Best_score(k) to be negative infinity. 
For each node (model or phone) j in the lattice (or n-best list) ( 0 < j < M+l) 

Initialize max. path log-likelihood L(kJ ) to be negative infinity. 
For each node i which can enter into node j 

Run step l of GPB2 state estimation algorithm to obtain local score L(O(k) U, i) 
and filtered values. 

Let path log-likelihood L(kJ,i) = L(k-1, i) + L (O(k) lj,i ); 
if ( L(kJ,i) > L(kJ ) ) 

L(kJ) = L(kJ, i ); 
Remeber the tracking-back pointer from node j to node i . 

endif 
if ( L(kJ ) > Best_score(k) ) 

Best_score(k) = L(kJ ); 
endif 

End 
Run step 2, 3 and 4 of GPB2 state estimation algorithm to obtain the merged states 

and other updates for the next time step. 
End 
Impose path constraints here if needed. 
Do path pruning here if needed. 

[ if ( I (L(k,n ) - Best_score(k)) I Best_score(k) I > Pruning_thres ), delete node n 
for next expansion. ( 0 < n < M+ 1) ] 

End 
Find the path with the highest likelihood. 
Backtrack to obtain segment boundaries if needed. 

Figure 5.5: The GPB2-D algorithm 
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For each frame, O(k), in the observation sequence of an utterance ( 0 <k<K + 1) 
Initialize Best_score(k) to be negative infinity. 
For each node (model or phone) j in the lattice (or n-best list) (0 < j < M+ l) 

Initialize max. path log-likelihood L(kj) to be negative infinity. 
Run step l,2,3,4 of IMM state estimation algorithm to obtain local score L(O(k) lj) 

and other updates for the next time step. 
For each node i which can enter into node j 

Let path log-likelihood L(kj,i) = L(k-1, i) + L(O(k) I j ). 
if ( L(kj,i) > L(k,j)) 

L(kj ) = L(kj,i ), 
Remeber the tracking-back pointer from node j to i. 

endif 
if ( L(kj ) > Best_score(k) ) 

Best_score(k) = L(kj ); 
endif 

End 
End 
Impose boundary constraints here if needed. 
Do path pruning here if needed. 

[ if ( I (L(k,n) - Best_score(k))/ Best_score(k) I > Prunin~thres ), delete node n 
for next expansion ( 0 < n < M+ 1 ). 

End 
Find the path with the highest likelihood. 
Backtrack to obtain segment boundaries if needed. 

Figure 5.6: The IMM-D algorithm 
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A trellis search example is depicted in Fig.5.7. Let's use this diagram to illustrate 

the path merging mechanisms in the two decoding algorithms. There are many paths 

entering each node at each time point (suppose time t and at node M - 1), each 

path brings different dynamics ( or initial conditions). At each node, the path merging 

mechanisms in GPB2-D and IMM-D algorithms are illustrated in Fig. 5.8. From 

the picture we can see clearly how the two types of merging take place. In GPB2 

algorithm different dynamics and different local scores are calculated for different 

paths which bring different dynamics ( they are denoted by ( Z, E) L 1 ,k-1 . 1 ~ -i ~ M 

in Fig.5.8), then those dynamics are merged to a single one and path deletion is done 

simultaneously. Only the path with highest score is kept. In IMM algorithm all the 

different dynamics are first merged to a single one, then a common local score and 

dynamics are calculated for all those paths. So path deletion can be done before the 

local score computation. Similarly. only the most likely path is kept. Therefore. only 

one path comes out of each node after merging in the two decoding algorithms. 

M 0 o--

M-1 0 o-

2 t-1 

--0 

~o 

-o 

-o 

T 

Figure 5. 7: A trellis search diagram to show how the two merging strategies in 

GPB2-D and IMM-D algorithms work 
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~ I 
(Z. lk-1.k-l 

GPB2 Merging Strategy : 

Z k.k, ~ k,k • ma'<Pa 

IMM Merging Strategy 

TIME POrNT k 

Figure 5.8: A diagram to illustrate the GPB2 and IMM merging strategies 
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5.5 Comparison experiments on simulation data 

and a small amount of speech data 

In this section, the three decoding algorithms, PS-D algorithm, GPB2-D algorithm 

and IMM-D algorithm, are tested and compared on both simulated data and real 

speech data. In all the experiments in this section all phones share a single global 

MLP. 

The test results for the simulated data are presented as comparisons of accuracy 

in the estimated dynamic regime boundaries among the various methods. The test 

results for the real speech data (from the Switchboard corpus) are presented as 

the utterance-likelihood comparisons among the decoding algorithms based on the 

various approximate state estimation methods. 

5.5.1 Experiments on simulated data 

In these experiments, five different models are chosen. they share a common MLP. All 

the model parameters and MLP weights are fixed to generate simulation data. Then 

the simulated data is used to estimate the dynamic regime boundaries. Finally the 

estimated boundaries are compared with those real ones to check if the algorithms 

are able to pick up the optimal dynamic boundaries. 

The results [L 5] show that with a lower noise level, all three decoding algorithms 

are able to recover the true boundaries between the five models. This demonstrates 

that the algorithms are effective and that they have been implemented correctly. 

With a higher noise level, all the decoding algorithms began to produce some small 

errors in the optimized boundaries in comparison with the true ones. It appears that 

the level of noises ( state noise and measurement noise) is crucial for the accuracy 
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in the boundary estimation (equivalent problem to the estimation of discrete state 

sequence as required by speech recognition). More details can be found in [l, 5]. 

5.5.2 Comparison experiment on a sub-set of Switchboard 

database 

In this simple experiment, all phone models share a common MLP (or h(il's. 1 < 

-i ~ M. are implemented by a common MLP). The "1/2 hour" training data set 

is used for model training. 

The test set consists of 240 utterances extracted randomly out of the male side 

of "'test-ws97-dev-l" test set (a total of 23 male speakers, 24 conversation sides. and 

50 minutes of speech). 

Table (5.2) lists the re-scoring results (WERs) for four recognizers based on the 

same VTR state-space model with different methods of computing acoustic likeli­

hoods. The .. Baseline" recognizer computes the likelihoods of utterances using the 

sub-optimally fixed dynamic regimes provided by a separate HMM system. Recog­

nizers labeled by --PS-D", .. GPB2-D" and "IMM-D" represent the systems using the 

optimized dynamic regimes obtained by the PS-D, GPB2-D, and IMM-D methods, 

respectively. In these new recognizers, the computation of the acoustic likelihoods 

for each hypothesis transcription in the N-best list is carried out using the dynamic 

programming based decoding strategy for optimizing the dynamic regimes. 

From the recognition accuracy results shown on Table (5.2), we observe that 

all three PS-D, GPB2-D, and IMM-D based recognizers outperform the baseline 

recognizer. It shows the effectiveness of the three decoding algorithms. 

Comparing those three approaches, we find that the three algorithms turn out 

close performance. But the computational requirements for the three algorithms are 
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Recognizers Ref+lO0 100-best 

Baseline 53.2 60.6 

PS-D 51.1 60.2 

GPB2-D 50.1 60.1 

IMM-D 49.5 59.7 

Table 5.2: Word error rates(%) for four recognizers with different methods of likeli­

hood computation using the N-best re-scoring paradigm 

very different. The numbers of KFs needed at each time step for three algorithms 

are listed as follows: 

PS-D 

GPB2-D 

IMM-D 

where S is the path-stack size ( ~ 1). So IMM decoding algorithm is the fastest one. 

Based on those comparisons the IMM decoding algorithm is chosen the most 

efficient one. Then it is used on different versions of the dynamic model. 

5.6 Evaluation experiments of the IMM decoding 

algorithm 

In this section, the IMM decoding algorithm is used on three different versions of 

the new dynamic model. The first one is the "phone MLP version", the second one 

is the "MLDM-2mix" version, the mixture linear dynamic model with two mixtures, 
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and the last one is the "MLDM-4mix" version, the mixture linear dynamic model 

with four mixtures. The first and second versions are trained with the "1/2 hour" 

training data set and the last version trained with the "2 hour" training data set. 

The HMM phone boundaries are available ( marked by the "ws97-baseline" 

HMM system). On the other hand. we know that physically the phone VTR dynamic 

boundaries must be located between the corresponding two consecutive HMM phone 

boundaries 6 . Therefore, this boundary constraint can be imposed on the search. 

In case that the HMM phone segmentations are not accurate sometimes, the HMM 

phone boundaries are relaxed by one or two frames ( starting boundaries are moved 

forward and ending ones backward by one or two frames) when they are imposed on 

the search. By this constraint the search can be speeded up by 5-10 times. 

The N-best re-scoring results (WERs) of the three versions and the two HMM 

systems are listed in Table 5.3. In the table "fix" means that the recognizers compute 

the likelihoods of utterances using the sub-optimally fixed dynamic regimes provided 

by the "ws97-baseline" HMM system, "IMM-D" means that the recognizers are 

using the dynamic regime boundaries optimized by the IMM decoding algorithm. 

From the results listed in Table 5.3, we observe that by using the IMM-D al­

gorithm to optimize the dynamic regime boundaries for different versions of the 

dynamic model consistent improvements (WER reductions) are obtained, especially 

for the cases with references included (about 5% - 10% WER reduction relatively). 

Under identical conditions, compared with the "HMM-baseline" HMM sys­

tem, by using the IMM-D algorithm the "MLDM-2mix" version achieves more than 

15% relative WER reduction for the "Ref+ 100" case and more than 3% absolute 

6Physically a. phone's VTR dynamic boundary is a.head of its HMM (acoustic) boundary. So in 

a.n utterance the starting point of VTR dynamics of the current phone must be within the HMM 

segment of the previous phone 
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systems Ref+lO0 100-best 

phone MLP version: fix (1/2 hour) 55.6 58.3 

phone MLP version: IMM-D (1/2 hour) 51.5 57.1 

MLDM-2mix: fix (1/2 hour) 50.0 56.9 

MLDM-2mix: IMM-D (1/2 hour) 47.7 55.7 

HMM-baseline (1/2 hour) 56.1 58.9 

MLDM-4mix: fix (2 hour) 49.5 56.0 

MLDM-4mix: IMM (2 hour) 47.4 55.8 

ws97-baseline (160 hour) 56.2 56.9 

Table 5.3: WER of different systems using IMM for their dynamic regime optimiza­

tion 

WER reduction for the "'100-best" case. Compared with the "ws97-baseline" 

HMM system, even with only two hour training data, the "'MLDM-4mix" version 

decrease the WER by over 15% relatively for the "Ref+lO0" case and over 1% abso­

lutely for the "100-best" case. It demonstrates that the IMM-D decoding algorithm 

is an efficient approach to optimize the dynamic regime boundaries for the new dy­

namic model. 

5. 7 Lattice Re-scoring 

With the efficient IMM decoding algorithm at hand, we can move to a more realistic 

evaluation paradigm, lattice re-scoring. Eventually, each hypothesis in the N-best 

lists can be treated as a simple lattice, where paths are only allowed to either stay 

in the current phone or enter the next phone at each time point. So the IMM-D 



CHAPTER 5. DECODING ALGORITHMS 134 

decoding algorithm can be directly used for lattice re-scoring. The only difference is 

that the number of possible extensions for each path are greatly enlarged. This will 

be our future work. 

5.8 Conclusion and Discussion 

5.8.1 Conclusion 

In this chapter three decoding algorithms, the PS-D algorithm, the GPB2-D algo­

rithm and the IMM-D algorithm, have been developed for the optimization of the 

dynamic regime boundaries of our dynamic model. The PS-D algorithm is using 

a path deletion strategy and GPB2-D and IMM-D algorithms using path merging 

strategies to reduce the search space. All the three algorithms have successfully over­

come the formidable exponential growth in the original search and turned it into a 

linear one. 

All the algorithms are first tested on simulated data, it is shown that they are all 

efficient in finding out the real dynamic regime boundaries, then they are compared 

on a small amount of Switchboard data and the IMM-D algorithm is chosen the most 

efficient one. Finally the IMM-D algorithm is further evaluated on different versions 

of the dynamic model, consistent improvements on different versions are observed. 

Compared with the "HMM-baseline" system, the MLDM with two mixtures 

achieves about 20% relative WER reduction for the case exposed to references and 

more than 3% absolute WER reduction for the case not exposed to references when 

the IMM-D algorithm is used for optimizing the dynamic regime boundaries. 
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5.8.2 Further discussion 

The PS-D algorithm attaches a path stack to each node during the trellis search to 

maintain a limited number of promising paths. It use an intuitive way to do path 

deletion. 

Both the GPB2-D and IMM-D algorithms use merging strategies to limit the 

exponential growth of the search space. The two mergings take place at different 

time. the GPB2-D method merges for each node all paths after the local score com­

putation is complete for each path. In contrast, the IMM-D method merges for 

each node all paths first to create the combined initial values before the local score 

computation. The merging formulas for both the GPB2 and IMM methods are theo­

retically motivated, being derived from Bayes' rule. The consequence of the merging 

is direct applicability of the dynamic programming principle to recognizer decoding, 

which would otherwise be impossible due to the essential VTR continuity constraint 

imposed across speech units in the very construction of the speech model. A spe­

cific contribution of this work is establishment of a solid Bayesian strategy for the 

decoding problem of the new dynamic model. 

The GPB2-D and IMM-D algorithms developed for our specialized, switching 

state-space model for the speech dynamics have been partly motivated by some 

earlier work on the various versions of the switching state-space model developed in 

control engineering, neural network, time series analysis, and in econometrics [75, 85, 

83, 40, 82, 91, 78, 95, 81]. Such earlier work typically dealt with several simplified 

cases of the model, and focused only on the state estimation but not the decoding 

problem. For example, in [40] and [85], the state estimation problem for only linear 

state-space models was considered. In the former, switching only happens on the 

linear measurement equation ( to trace the trajectories of multiple targets), while in 

the latter the switching is allowed for both linear state and measurement equations. 
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Both pieces of the work appear to be special cases of a more general approach to state 

estimation given in [75], where Bayes' rule is used when the parameter switching of 

the state-space model follows an arbitrary and in particular Markovian processes. 

The work of [83] allows the parameter switching to happen in the error covariances. 

The physical motivations for constructing our switching state-space model for 

the speech dynamics, which determine the special structure of the model and the 

needed decoding algorithm, are also different from those of the earlier work in the 

target-tracking and econometrics literature. The earlier motivations arise from the 

difficulty with which exact mathematical models can be derived for the physical 

dynamic processes. One main cause of the difficulty is the random, unknown change 

of the model structures or parameters over time. However, the structure or parameter 

variations can often be narrowed down to where only a finite number of possibilities 

for the variations are allowed to be chosen. For example, sensors tracking multiple 

targets and plants having multiple modes of behavior can be dealt with in this way. 

For solving the multiple-target tracking problems, use of the switching state-space 

model is appropriate and a comprehensive review has been provided in [77. 78]. 

Another example for which the switching state-space model is appropriate is the 

statistical description of recession and booming stages in the economy, which has 

been modeled in the work of [82, 85]. A detailed review of the application of the 

switching state-space model to econometrics has been provided in [91]. 

Moving beyond the applications in target tracking and in econometrics, the re­

search reported in this chapter represents our novel contribution of applying the 

specially constructed switching state-space model to functional modeling of speech 

production and speech recognition. The speech production process can be well fitted 

into the switching state-space model since each phone in a Snite number of phones 

in a language can be associated with a largely distinct target vocal-tract shape and 
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its related acoustic resonance structure. When a speech utterance is produced, the 

vocal tract shape or resonance ( continuous state in the model) changes relatively 

smoothly from one target phone to another, where the target shapes determined 

by the model parameters are modeled to be switching from one target phone to its 

temporally adjacent one. 

Talring into account the special temporal-flow properties in speech production 

and special requirements in speech recognition, we have developed two innovative 

ways of applying the switching state-space model, both distinct from the traditional 

approaches developed in the control-engineering and econometrics applications. 

First. in the traditional applications, no constraints were imposed on the model 

switching process: i.e .. the model parameters can arbitrarily switch from one discrete 

state to another with non-zero probability at any time. For example, in the models 

of [82] and [85], the modeled economy may relatively freely switch from recession to 

booming and vice versa. In the model of [40], the measurement of the sensor may be 

the trajectory of any one of the multiple targets at each time. For these cases. the 

transition matrix for the discrete state switching is a full matrix. However, for our 

applications to speech production and recognition only the left-to-right structure in 

the transition matrix is sensible. That is, once the model switches to a new stage. 

it will not return to the old stages. In this case, the transition matrix becomes 

constrained to be an upper-triangle one. 

Second, as a direct consequence of the left-to-right structural constraint for the 

switching process. the search for the "global" optimal discrete-state sequence (i.e., the 

switching history) based on the observation data becomes significantly more complex 

than the case without such a structural constraint. In the traditional applications [75, 

85, 83, 40, 82, 91, 78], exclusive attention was paid to obtain the optimal "local" state 

estimation under the switching condition. In contrast, for the speech recognition 
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application as our subject of study, the interest is in how the optimal switching 

process develops or how to find the global optimal discrete-state transition path 

(i.e., the optimal phone or word sequence). It is interesting to note that if there 

were no structural constraints for the switching process, the objectives in both of 

the above cases would be identical because the "global" optimal solution must be 

achieved by selecting the best estimate at each "local" point. However. once the 

constraints arr: imposed as essential for our current speech recognition application, 

the traditional approaches must be extended because the constraints may prevent 

the •4global" solution from choosing the best estimates at some '4local" points. One 

main contribution of the work presented in this chapter is to accomplish such an 

extension based on the dynamic programming principle. 



Chapter 6 

Summary and Future Work 

6.1 Summary of this thesis 

In this thesis. a new statistical coarticulatory dynamic model for speech recognition 

is developed and evaluated. As analyzed, this new model can be treated as an 

extension of the work done in (54, 60], but there are some fundamental difference 

from them. The main novelty of this new model is the introduction of the vocal 

tract resonance as the internal, structured model hidden state ( continuous-valued) 

for representing phonetic reduction and target undershoot in human production of 

spontaneous speech and the incorporation of knowledge about the dynamic, target­

directed behavior in the vocal tract resonance into the model design, training, and 

likelihood computation. 

In Chapter 2, the earliest version of the dynamic modeL which was proposed by 

Deng [33], was presented and evaluated. In this version the model is formulated math­

ematically as a nonlinear dynamic system, where different neural networks (MLPs 

and RBFNNs) are used to approximate the physically nonlinear relationship between 
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the hidden dynamic (VTR) space and observation (MFCC) space in the measurement 

equation. A version of the generalized EM algorithm was developed and implemented 

for automatically learning the model parameters. Evaluation experiments were done 

using the spontaneous speech data from the Switchboard corpus. The promise of the 

new model was demonstrated by showing its superior performance over a benchmark 

HMM system under identical experimental conditions. It was found that different 

neural networks ( or different nonlinear versions) did not produce much difference. 

Therefore, in Chapter 3, the nonlinear versions were first compared with a linear 

version. it was observed that there was not much benefit from the use of nonlinear 

models. To keep the efficiency of a linear model in model training and likelihood 

computation. and to be responsible for the systematic variations in speech. a mix­

ture linear dynamic model was developed in which several linear dynamic models 

are combined to describe a phone. A version of the generalized EM algorithm was 

derived for the model parameter learning and likelihood computation, where an im­

portant constraint, "mixture-path" constraint, was imposed. A series of experiments 

were carried out to evaluate this version. It was shown that, with the use of multi­

ple mixture components, the model achieved a significant improvement. It was also 

demonstrated that the model performance was gradually improved with the increas­

ing of the number of mixtures and the amount of training data. Further to this, an 

analysis experiment was carried out. It indicated that the incorporation of speech 

dynamics into the new model design contributes to a major part of the improvement, 

and hence the dynamic property is of importance for speech recognition. Those ex­

periment results are consistent with the observations from other researchers working 

on the "segment" models [60]. That is, the increasing of the number of mixtures at 

the segment level is due to speech systematic variations. 

In Chapter 4, a more general version of the MLDM, a mixture linear dynamic 
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model with switching parameters on measurement equations, was developed. This 

version aims at alleviating the inefficiency of the mixture linear dynamic model in 

representing the physically nonlinear relation between the hidden dynamic space 

and acoustic space. It uses piece-wise linear functions, rather than linear functions 

in the MLDM version, to approximate the nonlinear relation on the measurement 

equation, which was realized by allowing parameters on the measurement equation to 

switch among a fixed set of values. The corresponding model training and likelihood 

computation algorithms were derived as well. Furthermore, a series of evaluation 

experiments were performed. The results showed that the accuracy in modeling the 

nonlinear relation of hidden state space and acoustic space was indeed increased and 

the model performance was also improved. 

In Chapter 5, the challenging decoding problem for the dynamic model was dealt 

with. Because of the continuity constraint imposed on the hidden VTR dynamics, 

no path deletion is allowed during the trellis search if a global optimality is required. 

It makes the search infeasible. By analyses, three approximate solutions were pro­

vided: PS-D, GPB2-D and IMM-D algorithms. The first one is based on a path 

deletion strategy while the other two are based on path merging strategies. All the 

three algorithms successfully turn the original search problem exponential in time 

into one linear in time. A series of experiments were done on both simulated data 

and Switchboard data. It was observed that all the three decoding algorithms are 

efficient in searching for the real dynamic boundaries. The IMM-D algorithm is the 

most efficient one. Consistent improvements for different versions of the dynamic 

model can be obtained when the IMM-D algorithm was used to optimize their phone 

dynamic regime boundaries. 
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6.2 Summary of contributions 

The contributions of this thesis are summarized as follows: 

• The introduction of the VTR dynamics as the hidden state dynamics: 

The use uf VTR dynamics renders the model with not only the incorporation of 

pre-knowledge about target-directed behavior in the VTR dynamics into the 

model design, training, and likelihood computation, but also the implemen­

tation feasibility because of the lower dimensionality in the VTR dynamics. 

It is also helpful in the model learning and diagnosis because of the partial 

observability of the VTR dynamics. 

• The development of the mixture linear dynamic model: 

The mixture concept at segment level has been used by other researchers [53]. 

An important contribution in this dissertation is the rigorous derivation of 

the parameter learning and likelihood computation equations for this mixture 

linear model, where the important "mixture-path" constraint (VTR targets 

switch at segment level) is imposed. 

• The development of the mixture linear dynamic model with switching param­

eters on the measurement equations: 

This model is totally new. There are two levels of switching in this version, 

one is at segment level while the other one is at frame level. The state equa­

tion, Eqn.(4.2), switches at segment level because of the physical property of 

VTR targets (they are defined at segment level), the measurement equation. 

Eqn.(4.3), switches not only at segment level (synchronous with the switching of 

state equation) but also at frame level because physically the relation between 

the hidden and acoustic spaces can change from frame to frame. Even in a con­

trol area this situation has not been met. Again, the parameter learning and 
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likelihood computation algorithms are rigorously derived with the "mixture­

path" constraint imposed on the mixture switching at segment level. 

• The development of three efficient decoding algorithms (PS-D, GPB2-D and 

IMM-D): 

Search is a challenging problem for all -segmenf: models [60], and no researcher 

has looked into this problem seriously before. The path stack concept in the 

PS-D algorithm is not new (it has been used in (21],etc.), the new thing is the 

design of an efficient operation algorithm on the maintenance of path stacks. 

The two path merging strategies in GPB2-D and IMM-D algorithms, borrowed 

from the control area, are first used in the speech recognition area. Both the 

merging strategies efficiently reduce the search space to the same level as Viterbi 

algorithm does. They enable the dynamic model to do real speech recognition, 

which is their most important contribution. 

6.3 Future work 

6.3.1 Error propagation problem 

In all the experimental results, much better results have been observed when the 

references were added to 100-best hypothesis lists. This phenomenon is caused by 

the error propagation problem in the new dynamic model. When one error occurs it 

can propagate into the future, which is caused by the continuity constraint imposed 

on the hidden VTR dynamics. As illustrated in Fig. 6.1, the solid line is the true 

VTR dynamics and the dashed line the estimated dynamics. If phone "phn2" is 

incorrectly recognized as phone "phn2" ', then it pulls the dynamics to a wrong 

direction. Even if the following phones are recognized correctly, they must start 
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from a wrong place due to the continuity constraint on the dynamics. So the error 

propagates into the following phones as the dashed line shows. 

phn2' 
I 

-----..---
' 

phnl phn2 phnJ 

I 

-- ..! 

phn4 phnS 

time 

Figure 6.1: An example of error propagation problem in the new dynamic model 

This constraint is physically required. and it can not be simply got rid of. There­

fore. how to overcome this problem will be an important issue in the future work. 

All the experiment results showed that the new dynamic model is able to pick 

up the correct hypotheses much more frequently than a HMM system if the correct 

hypotheses exist in the 100-best hypothesis lists ( the ;,.Ref+ 100" case). Usually 

lattices have much higher chances to include the correct hypotheses than 100-best 

lists. Hence, by doing lattice re-scoring the error propagation problem would be 

alleviated and more improvements be expected. Fortunately, the developed decoding 

algorithms enable the dynamic model to do lattice re-scoring. 

6.3.2 Distribution of model parameters 

Different speakers have somewhat different targets in the VTRs and different speak­

ing rates (due to vocal tract geometric differences, for example) or even the same 

speaker may have different speaking rates at different times. To account for the sys­

tematic variations in speech, like speaker, gender, speaking style, and speaking rate 
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variations, it is natural to use multiple points or a distribution, rather than a single 

point, for the model parameters when multiple-speaker data are used (such as the 

switchboard data). That is why big improvements were obtained from a single linear 

dynamic model to mixture linear dynamic model in Chapter 3 and 4. From multiple 

points to a continuous distribution, more improvements should be expected. To do 

it. appropriate parametric forms for the distribution have to be designed and the 

corresponding effective and efficient algorithms should be developed for parameter 

estimation. 

One possible way is to augment the state space and treat all model parameters 

as hidden states as well, then apply Kalman filter to estimate them. like what was 

done in [6]. However. some constraints have to be imposed on the model parameter 

distributions. 

6.3.3 Non-uniqueness of phone target 

In all the versions developed, It is assumed that for each phone segment there is 

an unique target. That is true for vowels and semi-vowels, but not true for some 

consonants. For example, a stop consonant has a closure followed by an explosive. 

Each period has a different target. How to deal with those special cases would be 

another issue in the future. 

One possible way is to concatenate multiple dynamic models, where each model 

is responsible for a different period. 

6.3.4 Left context dependency 

During all the experiments, it was found that the estimated noises ( Q and R) were 

at a high level. More work is apparently required to improve the accuracy of the new 
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model. One way is to use left-context dependent phones. At the current stage, only 

context-independent phones are used. However, a phone's VTR dynamics is influ­

enced by its left context, because different left contexts make the VTR dynamics go 

along different curves due to different time constants, <P ( although it has the identical 

target). It is expected that the use of left-context dependent phones produces more 

improvements. 

6.3.5 Combination with HMM 

Another more practical consideration is to combine the new dynamic model with the 

conventional HMM. HMM has its strong advantages, for instance. its efficient training 

and recognition algorithms. From the evaluation and comparison experiments. the 

new model also show superiority in some aspects, especially the incorporation of 

speech dynamic property. Another advantage of HMM is its dominance in the speech 

recognition area after more than two decades of development. Currently almost all 

the best speech recognition systems are developed on this basis. Those facts make 

it reasonable to consider combining the two approaches. 

As analyzed in Section 2.1.3, if we set special values for the model parameters. 

the new dynamic model becomes a special HMM. Actually the dynamic model can 

be treated as a HMM with continuous states ( the conventional HMM has discrete 

states). There exist commonplaces between the new dynamic model and the HMM, 

so the combination of them might be able to be done at a deeper level, not just at a 

surface level (like voting). 



Appendix A 

Derivations for Chapter 2 

A.1 Derivation of Eqn.(2.28) 

The derivation of Eqn.(2.28): 

(A.1) 

Let's just consider the exponents in the above equation, 

(zk - µ;)'E;1(zk - µ;) + (zk - zk,K)'E;/K(zk - zk,K) 

- z~(E11 + E;/K)zk - 2z'(E;"1µ; + E;,~zk,K) + µ';E;µ; + z~,KE;/Kzk/K 

- (Zk - Vb)'v- 1(Zk - Vb)+ µ';E;µ; + z~1KE-;;/Kzk1K - b'v-1b (A.2) 

where 

147 



APPENDICES 148 

Therefore, 

Eo[Y;(Z(k))] 
d I f (Zk - Vb)'v- 1(zk - Vb) 

(21r)- 1 !EktKl-1 e:z:p{-
2 

} • e:z:p(d;,k) dZk 
I I 

IEktKl-1 IVl 1 e:z:p(<>ik) (A.3) 

where 

1 . . 
d;k - - 2[µiE;1µ; + z~1NE0~ZktN 

- (E;-1µ; + E;;1~zk1N)'(E-;t + E;,~)-1(E-;1µ; + E;1~zk1N)l 

A.2 Derivation of (2.29) 

Again, let's just consider the exponents in the above equation. 

• 1 • 
+ (Zk - Zk/K)'E;;/K(Zk - Zk/K) 

- zi(E;:-1 + E_;-1 + E;;/K)Zk - 2zi(E;:-1µ,. + E;-1µ; + E;/KZktK) 

+ µ~E,.µ,. + µjE;µ; + zi1KE;;/Kzk/K 

(Zk - Cr;kb)'C,;i(Zk - Cr;kb) + µ~E,.µ,. + µjE;µ; 

+ zi1KE;;1~zk/K - b'c,;lb (A.5) 
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where 

Therefore, 

Eo[Yr(Z(k)) Y;(Z(k))] 

(2 )_.!#.IE 
1
_1 / { (Z1c - Cr;1cb)'C,;l(Z1c - Cr;1cb)} 8 dZ 

- 7r 2 k/ K l exp - 2 • rjlc k 

I I 

lt1c;Kl- 1 IC,.;1cl 1 exp( t5r;1c) (A.6) 

where 

(E-1 + E:-1 + E-1 )-1 
- r J k/K 

1
( 't-1 't-1 z' E-1 z M' c-1 M ) 2 µr ,. µr + µj j µ; + k/N k/N k/N - rj/c rjk rj/c 

(~-1 ~-1 ~-1 )-1(~-l ~-1 + ~-1 z· ) 
- i.Jr + l.Jj + i.Jk/K /.Jr µr + i.Jj µ; i.Jk/N k/N 
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Derivations for Chapter 3 

B.1 Derivation of Eqn.(3.19) 

From Eqn.(3.18), we have 

N 

Q(0j0) = L { L J { logp(Z;jmn) 
{X}N n=l 

Kn 

+ L~ogp(Zk,mnlZk-1,mn) + logp(OkjZk,mn)] 
k=l 

} . p(Znjon. mn, 0) dZn 
N 

+ I:logp(mnj0) }·p({X}Nl{O}N,0) 
n=l 

Kn 

+ L ~og p( z;mn I zk-1,mn ) + log p( o;: I Zk'.mn ) ] 
k=l 

} . p(Znjon' mn, 0) dZn 

} ·p({X}Nl{O}N,0) 
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N 

+ L L logp(mnl0) ·p({X}Nl{O}N,e) 
n=l {X}N 

N 

- LL L {j { logp(Z;lmn) 
n=l xn {X}.v;xn 

Kn 

+ L [log p( zk,mn I ~-1,mn ) + log p( Ok I zk,mn ) ] 
k=l 

} • p( zn I on' m n' e) dZn 

} • p( {X}Nl{O}N, E>) 
N 

+LL L logp(mnl0) • p( {X}Nl{O}N. 0) 
n=l xn {X}"1/X" 

N 

- LI:{/ { logp(z;lmn) 
n=l Xn 

Kn 

+ L[logp(Zk,mnlZk-1,mn) + logp(OklZk,mn)] 
k=l 

} . p(Znlon, mn. 0) dZn 

} I: p({X}Nl{O}N.0) 
{X}N/X" 

N 

+ L I:logp(mnl0) L p({X}Nl{O}N.0) 
n=l xn {X}N I xn 

N MI Kn 
- L { L {logp(Z;lm) + I:~ogp(Z;m1zr-1.m) 

n=l m=l k=l 

+ logp(OklZk.m)]} • p(zn1on. m, 0) dZn} -w::i 
N M 

+LL logp(ml0) •w: 
n=l m=l 

(B.l) 

B.2 Derivation of Eqn.(3.51), (3.52) and (3.53) 

Eqn.(3.51) is straight-forward, 

(B.2) 
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Eqn.(3.52) is derived as follows, 

Em[Zn(k)Zn(k)'] = Em[{Zn(k) - Em[Zn(k)]}{zn(k) - Em[zn(k)]}'] 

+ Em[Zn(k)]Em[Zn(k)]' 

- EklKn,m + Em[Zn(k)]Em[Zn(k)]' 

For Eqn.(3.53), it is not so easy. 
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(B.3) 

Em[Zn(k)Zn(k - 1)
1
] = Em[{Zn(k) - Em[Zn(k)]}{zn(k -1) - Em[Zn(k - 1)]}'] 

+ Em[Zn(k)]Em[Zn(k - l)j' 

- Ek,k-llKn + Em[Zn(k)]Em[Zn(k - l)j' (B.4) 

where. Eu-11Kn = Em[{Zn(k) - Em[Zn(k)]}{Zn(k - 1) - Em[Zn(k - 1)1}']. From 

the smoothing equation (2.40), 

zn(k-1)-Em[Zn(k-1)] = zn(k-1)-Zk-llk-l,m -Ai:-1.m[Zk!Kn,m -Zkjk-1.ml (B.5) 

zn(k) - Em[Zn(k)] can be re-written as 

zn(k) - Em[Zn(k)] = zn(k) - zklk-1,m - (Zk!Kn,m - zklk-1.m) (B.6) 

zn(k) - zklk-1.m depends only on the innovation sequence up to time k - 1 and . 

on the other hand, zk!Kn,m - zklk-1,m depends only on the innovation sequence after 

time k - 1. so they are uncorrelated. Then we have 

Eu-11Kn = Em[(zn(k) - zklk-l,m)(Zn(k - 1) - zk-llk-1,mfl 

+ Em[(~IKn,m - Z1ik-1,mHZ1iKn,m - zklk-l.m)']A;:_l,m
1 

(B.7) 

The first term in Eqn.(B. 7) is equal to 

Em[(Zn(k) - zklk-1.mHZn(k - 1) - zk-llk-1,m)'] 

- Em[(<PmZn(k -1) - <PmZk-llk-1,m + Wn(k - l))(Zn(k - 1) - zk-llk-1,mn 

- <PmEm[(zn(k - 1) - ~-llk-1,m)(zn(k - 1) - ~-llk-1,mfl 

(B.8) 
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In the second term of Eqn.(B.7) Zk!Kn,m - Zklk-l,m is equal to 

(B.9) 

By smoothing Eqn.(2.41), 

Z(k) - .ik!Kn,m 

Z(k) - Zkjk.m - Ak,m[Zk+llKn - Zk+llk,mJ 

- Z(k) - Zkjk-1,m - K(k)Q(k) - Ak,m[Zk+llKn - Zk+llk,m] (B.10) 

Notice that Z(k) - Zklk-l.m depends on innovation up to time k - 1 and remaining 

part on innovation from time k to the end. Z(k) - Zklk-i.m is uncorrelated with the 

remaining part. Therefore. the second term of Eqn.(B. 7) becomes 

[EklKn,m - Eklk-iJAk-l,m
1 

- [EklKn,m - Eklk-lj(Eklk-1)-l~mEk-llk-l 

EklKn,m(Eklk-1 )-l~mEk-llk-1 - ~mEk-llk-1 

Plug Eqn.(B.8) and (B.11) into Eqn.(B.7), we have 

Then. 

(B.11) 

(B.12) 

Em[Zn(k)Z"(k - 1)
1
] = EklKn,m(Eklk-i)-1~mEk-llk-l + Em[Z"(k)]Em[Z"(k - l)j' 

(B.13) 
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Derivations for Chapter 4 

C.1 Derivation of Eqn. ( 4.24): 

Using the assumption of independence between different tokens. we have 

Q(010) 

I
N Kn 

= L L {logp(Zol0) + L [logp(z;1z;:_1,Xn.0) 
{S}N n=l k=l 

+ logp(o,:1z;:,xn. Yk, 0) + log P(y;:1xn. 0)] + log P(I'l0)} 

·p({Z}Nl{O,S}N.8) d{Z}N ·p({S}Nl{O}N,8) (C.l) 

NI Kn - L {I: {logp(Zol0) + L ~ogp(Zi:IZi:-1,xn,0) 
{S}N n=l k=l 

+ logp(Oi:IZi:, xn,y;:. 0) + log P(y;:1xn, 0)] + log P(Xnl0)} 

· p(zn,on. sn, 0) cW-} p( {S}Nl{O}N. 8) (C.2) 

N I Kn - L L {logp(Zol0) + I:~ogp(Zi:IZi:-1,xn. 0) 
n=l{S}N k=l 

+ logp(O,:1z;:. xn, y;:, 0)] · p(ZnlOn. sn. 0)} dZn • p( {S}nlOn. 0) 
N K., 

+LL I:logP(y;:1xn,0)p({S}N1on,e) 
n=l {S}·v k=l 
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N 

+ L L log P(Xnj0} p({S}NjO", 0} 
n=l {S}!V 

- Qz+Qy+Qx 

where 

N 

Qz - I: I: / {logp(Zoj0J 
n=l {S}·v 

Kn 
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(C.3) 

(C.4) 

+ 1)Iogp(ZflZk-1, X". 0) + logp(OklZ1\ xn. Yk1. 0)] 

(C.5) 

N Kn 

Qy - LL LlogP(yi;jXn.0)p({S}NIO",0) (C.6) 
n=l {S}.V k=l 

N 

Qx - L L log P(X"l0) p({S}N,on. 0) (C.7) 
n=l {S}·V 

C.2 Derivation of Eqn.(4.25): 

N 

Qz = L L j {logp(Zol0) 
n=l{S}.V 

Kn 

+ L[logp(Zrlzr_1 , xn, 0) + logp(O,:jz;:, X". Yi:, 0)] 
k=l 

} • p(Z"IO". sn. E>) dZ". p({s}NIO". 0) 
N 

- L logp(Zol0) 
n=l 
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N 

- L logp(Zol0) 
n=l 

N 

- L logp(Zol0) 
n=l 

N f Kn 
+ L L L E~ogp(ZklZk-1,xn.0)]. p(znion.xn, re) dZn 

n=l xn {X}n/Xn k=l 

• p( {X}nlOn, 8) 

N f Kn 
+ L L L L L E[Iogp(OklZk.xn.yk,0)] 

n=l Xn {X}n/Xn yj; yn/yj; k-1 

· p(ZnlOn.xn. re) dZn 

• p(YnlXn. on, 8) • p( {X}nlOn. 8) (C.8) 

N MI Kn - LL (Elogp(ZklZk-1,m,0)] p(zn1on,m,0) dZn ·W~ 
n=l m=l k=l 

N M Kn L 

+ L L f {E Eiogp(OklZk,m. l, 0) t,:,m,l p(znion,m, l. E>)} dZn •w::i 
n=l m=l k=l l=l 

+ canst. (C.9) 

From step (C.8) to (C.9), the properties in Eqn.(4.17) and (4.22) are used. On the 

other hand. p(Zol0) is fixed for all tokens, so it is treated as a constant. 
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Derivations for Chapter 5 

D.1 Derivation of Eqn.(5.14) and (5.15) 

By total probability theorem. 

p(Z(k)IOt) = L A:(n)p(Z(k)l1'1k(n), ot) (D.l) 
neit. 

Hence. 

zklk = E[Z(k)IOt)] = L Pk(n)E[Z(k)l1Pk(n), ot] = L Pk(n)Zn,klk (D.2) 
neit. neit. 

and 

Ek,k - E[(Z(k) - zk,kHZ(k) - zk1k)'1ot1 

- L Pk(n)E[(Z(k) - zklk)(Z(k) - Zkjk)
1

l1Pk(n). ot] 

• • • , k 
• ((Z(k) - Zn.kjk) + (Zn,klk - zklk)) 11/'k(n), 01] 

- L Pk(n){En.klk + [Zn,klk - zklk][Zn.klk - Zkjk]'} (D.3) 
nE'i• 
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D.2 Derivation of Eqn.(5.18) 

By Bayes· rule. 

= P(7J,k(n)IOt) 

= 

= 

P( O(k). Sn.k = -in.k, 1Pk-1(m)IOt-l) 
P(O(k)IOt-1) 

P( O(k). Sn.k = in.kl'l?'k-1(m), ot-l) P(1Pk-dm)IOt-1) 
P(O(k)!Ot-1) 
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= P(O(k)ISn.k = -in,k, 1Pk-1(m). ot-1) P(Sn,k = ·in,kl1Pk-1(m), ot-1) P, (k _ 1) 
P(O(k)IOt-1) m 

= P(O(k)l1Pk(n). ot-1) P(Sn,k = -in,kl1Pk-1(m), ot-1) p (k -1) 
P(O(k)IOt-1) m 

(D.4) 

D.3 Derivation of Eqn.(5.28), (5.29) and (5.30) 

By Bayes· rule. 

= 

M 

p(O(k), sk-1 = £1Sk = i, ot-1) 
p(O(k)ISk = i, ot-1

) 

p(O(k),Sk-1 = £,sk = ilot-1) 
p(O(k),Sk =j1ot-1) 

p(O(k), s1c-1 = ·i. sk = ilot-1) 
I::!1P(O(k),Sk-l =-i,Sk =j!Ot-1) 

p(Sk = ilOt) - LP(Sk-1 = £. sk = ilOt) 
i=l 

~~l p(O(k), Sk-1 = -i, S1c = ilOt-1) 
p( O(k)!Ot-1

) 

L~1p(O(k), Sk-1 = ·i,Sk = ilOt-1
) 

- E.t;1E~1p(O(k),S1c-1 =i,S1c =i!Ot-1) 

(D.5) 

(D.6) 
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and 

p(O(k), sk-1 = ·i, sk = ilot-1) 

- p(O(k).sk =ilSk-1 = i,ot-1)p(Sk-1 = ilot-1) 

- p(O(k)ISk-1 = ·i. sk = i, ot-1) p(Sk = ilSk-1 = i. ot-1) p(Sk-1 = -ilot-1) 

- p(O(k)ISk-1 = -i.sk =i,ot-1)p(Sk = ilSk-1 = -i)p(Sk-1 = -ilot-1
) (D.7) 

D.4 Derivation of Eqn.(5.51) 

By total probability theorem. 

p(Z(k)ISk = i, ot-1
) 

M 

- }:p(Z(k)ISk = i, s1.:-1 = ·i. ot-1)P(Sk-1 = i!S1.: = j. ot-1) 
i=l 
M 

- :E[/ p(Z(k)IZ(k - 1). sk = i, S1.:-1 = i. ot-1) 
i=l 

• p(Z(k - 1)1sk = j. sk-1 = ·i. ot-1dZ(k - 1)JP(S1.:-1 = ·ilSk = j. ot-1) 

- f p( z ( k) 1 z ( k - 1). s k = i, ot-1 ) 

M 

• ['}:p(Z(k - 1)1sk-1 = i. ot-1)P(Sk-1 = ilSk = i, ot-1 )l . dZ(k - 1) 

(D.8) 
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