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1. INTRODUCTION AND OVERVIEW criminative learning and hence replacing the need for aprob
abilistic generative model by a set of flexibly selected,rove
In most of the useful applications of statistical pattertoge  lapping features. Current state of acoustic modeling in ASR
nition (e.g., automatic speech recognition (ASR), hantlgi  is that the capabilities and limitations associated witlhbo
recognition, machine translation, image recognition)etice  generative and discriminative approaches discussed aveve
desired recognition tasks are complex and difficult, foralihi compromised, leading to practical recognition framewavksre
no straightforward physical principles can easily prowdde  simplistic joint-distribution models (such as HMMs) are es
isfactory solutions. As a result, researchers seek to us¢-wh tablished to characterize the statistical properties eksh,
ever reliable and relevant sources of knowledge, albeit thewith the complexity lower than what is required to accuratel
imperfection, to make the statistical decisions that aggio “generate” samples from the true distribution. In order to
mal” given such partial and possibly vague knowledge. Thenake such low-complexity, low-fidelity generative modets d
decisions often come down to the minimization of specificcriminate well, it requires parameter learning methodsaha
types of decision error measures; e.g., the number of @rrors discriminative in nature to overcome the limitation in thes
a string of words (sentence) or word error rate in ASR. plistic HMM structure. This is in contrast to the generative
Given the current state of statistical pattern recognjtionapproach of fitting the intra-class data as conventional-max
ASR in particular, several central issues have been arld stimum likelihood based methods intend to accomplish. This
being addressed by the research community [2]. Among thertype of practical frameworks has been applied to much of
the issue of building high-quality probabilistic models $peech the recent work in speech recognition research, where HMMs
acoustics, i.e., (high-fidelity) acoustic modeling, iswaly are used as the low-complexity joint distribution for the lo
the most difficult and important one. Substantial amounts ofal acoustic feature sequences of speech and the correspond
my personal research effort in the past have been devoténlg underlying linguistic sequences of sentences, words, 0
to this area, and in this lecture | would like to provide anphones.
overview with the focus on the need to advance scientific For advancing the state of the art in acoustic modeling
knowledge and technological integration. for ASR, it is this author’s belief that both the generatinel a
There have been many types of statistical models for speealscriminative modeling approaches require acoustic risode
acoustics developed over the past three decades. They caith higher fidelity than the common approaches seen to-
be broadly classified into two main categories: 1) genegativday, and that their respective strengths as discussed above
models, and 2) discriminative models. Generative speaeh remay be combined to achieve greater effectiveness. Current
ognizers (e.g., [6, 3]), such as those based on mixture mogtate of HMM-based acoustic modeling has intended and is
els, HMMs, and stochastic segment models, rely on a learneble to capture only a subset of the tremendous variability i
model of the joint probability distribution of the observed speech acoustics, often in an isolated, non-systematic way
acoustic features and the corresponding speech class meii® achieve true robustness in ASR, we need to handle all
bership. They use this joint-probability characterizatto ~ sources of the variability, including 1) pronunciationedpil-
perform the decision making task based on the posteriorprolity; 2) variability due to accent and dialect; 3) varialyildue
ability of the class computed by Bayes rule. In contrast, disto prosodic and phonetic context; 4) variability due to $pea
criminative speech recognizers, such as those based on maixg behavior (e.g., style and rate); 5) variability due te th
imum entropy models, neural networks, and conditional ranadverse speaking condition that affects articulation; &)-v
dom fields, directly employ the speech class posterior probaability due to noisy acoustic environment; 7) transducei-va
bility or the related discriminant function. The discrirative  ability and distortions; and 8) transmission channel \ailitst
recognizer design philosophy is the basis of a wide range afnd distortions.
popular machine learning methods, where some known defi- How to systematically handle all these types of speech
ciencies of the HMM are addressed by applying direct disvariability in the discriminative modeling framework azpe



to be less straightforward than in the generative modelingnent with both additive and convolutive (with short-termim
framework, partly because the much longer history of depulse responses) distortions. Handling this type of viliigb
velopment of the latter. Even within the generative modelhas high practical value since it is directly related to tee d
ing framework, the HMM framework in particular, much re- ployment of speech recognizers. Environment robustness in
search remains to represent and to compensate for all tme mapeech recognition remains an outstanding and difficutt-pro
sources of variability in a principled and systematic way. | lem despite many years of research and investment. The dif-
this lecture, | will use two case studies within this framekvo ficulty arises due to many possible types of distortions, in-
to illustrate how to account for two specific types of variabi cluding a varying degree of additive and convolutive distor

ity that is difficult for the conventional techniques. tions and their mixes, which are not easy to predict acclyrate
during recognizer deployment. As a result, the speech rec-

2 CASE STUDY 1: SOLUTION TO VARIABILITY ognizer trained using clean speech often degrades itsrperfo
DUE TO SPEAKING BEHAVIOR mance significantly when used under noisy environments if

no environment-robustness strategy is applied.
The main underlying cause for the variability in the acous-  Traditionally, the acoustic model for environmental dis-
tic observation of speech due to factors related to speakirf@rtion ignores the phase asynchrony between the cleasispee
behavior lies in the “hidden” domain of un-observed artieul and the mixing noise. Such a “low-fidelity” model has been
tion and its control. One aspect of the variability is reféetin ~ improved, over the past several years, to achieve “higher fi-

the phenomenon called formant target undershooting, shwd#tlity” that removes the earlier simplifying assumption by
in Fig. 1. including random phase asynchrony in the distortion model

, 5]. In this lecture, | will first give detailed derivati

[1, 5]. Inthis | | will first give detailed derivatioof

- . ‘ ‘ ‘ the phase-sensitive model. Then, | will summarize the exist
m ”ﬂﬂnm"“““ﬂ “H“"“NH“N ” r H I [ i N ing experimental results that illustrate performance dgin

Lo i . moving from the “low-fidelity”, phase-insensitive model to

”l J i ] the “high-fidelity” phase-sensitive model, and offer ifdigp
ik |u|l' e ’ i+ n 1 understanding the roles of incorporating the phase inferma
r tion by analyzing the experimental results.
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In the second case study, we focus on another major type of

speech variability, that due to the adverse acoustic emviro



