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SEGMENT MODELING ALTERNATIVESFOR CONTINUOUS SPEECH RECOGNITION(Order No. )Owen Ashley KimballBoston University, College of Engineering, 1994Major Professor: Mari Ostendorf Professor of: Electrical EngineeringAbstractThis dissertation presents alternative parametric statistical models of phonetically-based segments for use in continuous speech recognition (CSR). A categorization ofsegment modeling approaches is proposed according to two characteristics: the as-sumed form of the probability distribution and the representation chosen for segmentobservations. The question of distribution form divides models into two groups: thosebased on conditional probability densities of feature given label and those using a pos-teriori probabilities of label given feature. The second characteristic concerns whethera model uses a variable or �xed-length representation of observed speech segments.The choices for both characteristics have important implications, particularly forcontext modeling and score normalization. In this work, speci�c segment models aredeveloped in order to understand the bene�ts and limitations that follow from thesechoices.Mixture distributions are a particular type of conditional density with appealingmodeling properties. Under a special case of segment models using variable-lengthrepresentations and conditional densities, various forms of Gaussian mixture mod-v



els are examined for the individual samples of the feature sequence. Within thisframework, a systematic comparison of both existing and novel mixture modelingtechniques is conducted. Parameter-tying alternatives for frame-level mixtures areexplored and good performance is demonstrated with this approach.Within the conditional-density variable-length framework, a generalization of mix-ture distributions that captures properties of the complete segment is proposed inthe form of a segment-level mixture model. This approach models intra-segmentcorrelation indirectly using a mixture of segment-length models, each of which usesconditionally independent time samples. Parameter estimation formulae are derivedand the model is explored experimentally.The alternative assumption of modeling based on a posteriori probabilities is ex-amined through the development of a recognition formalism using classi�cation andsegmentation scoring. Posterior distributions have been less well studied than con-ditional densities in the context of CSR, and this work introduces a theoreticallyconsistent, segment-level posterior distribution model using context-dependent mod-els. Issues concerning �xed versus variable-length representations and segmentationscoring are explored experimentally. Finally, some general conclusions are drawnconcerning the practical and theoretical trade-o�s for the models examined.
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Chapter 1IntroductionThe primary goal of research in automatic speech recognition is to develop a devicethat transcribes human speech into written text at the same level of accuracy as, orhigher than, that exhibited by humans. The potential bene�ts of such technologyare enormous, both as a means of entering text and data to existing computer appli-cations more e�ciently than by typing, and as an integral part of future intelligentdevices that will use speech recognition and speech synthesis as a natural means ofcommunicating with humans.Today, speech recognition systems �nd use in a number of tasks, allowing humansto communicate with machines where typing is either cumbersome or impossible. Forexample, small vocabulary recognition has proven very useful for environments wheredata must be entered by a worker whose hands or eyes are otherwise occupied, suchas in manufacturing control applications. Speech recognition also enables the useof computers for many individuals, who because of injury or other disability, can-not operate a keyboard. Recently, there has been a large increase in the number ofrecognition applications for use over the telephone, including automated dialing, op-erator assistance, and remote data access services, such as �nancial services. Limitedvoice dictation systems have also been introduced, both for general topics and for1



2specialized domains, such as medical transcription applications.In all of the above examples, current recognition accuracy typically limits thetype of speech accommodated to either words spoken in isolation or to speech from arestricted domain. As the technology improves and users grow accustomed to voiceinteraction with machines, the uses of speech recognition will expand dramatically toinclude a broad range of applications.Most obviously, speech recognition will �nd use in fast, automatic dictation sys-tems that allow the production of written text at the same speed as natural talking.A very high performance version of such a system could be adapted for use as anaid for the hearing impaired, translating general speech sources to text. Such a de-vice would have the advantage of being useable in situations where lipreading is notpossible or sign language translation is unavailable. An accurate recognition systemmay eventually �nd use in voice communications as a very low rate coding device,in which the transmitted information for a voice line is just the text of a spokensentence, which can then be resynthesized at the receiving end. In speech-to-speechtranslation systems, where speakers of one language communicate with those of an-other through a computer intermediary, the \front end" processing rests primarily onspeech recognition technology. Finally, speech recognition will have a critical role infuture communication interfaces between humans and computers. Ultimately, generalman-machine communication will involve not just speech transcription, but under-standing the meaning of utterances as well as the generation of intelligent actions andresponses from the computer. High performance speech recognition will be crucial tothe development of all of the above systems.The past decade has seen a dramatic improvement in recognition performance;measurements on comparable test sets have shown an 80% reduction in error rate justin the period from 1987 to 1991 [81]. In large part this improvement can be attributedto the exploitation of statistical models of the speech process. Of the many advantages



3that all statistical methods share, perhaps the most important is the existence of well-de�ned criteria for automatic optimization in training and recognition, in contrastwith the generally ad hoc procedures that were the basis of many early recognitionsystems. Automatic training algorithms allow the use of large amounts of data, whichin turn supports robust modeling of the varied acoustic phenomena that occur in realspeech. The most widely used statistical model in speech recognition research todayis the hidden-Markov model (HMM). For the HMM, not only are the questions oftraining and recognition clearly posed, but there are particularly e�cient algorithmsfor solving the resulting optimization problems.Although progress has been substantial, and current systems are approaching lev-els of performance that are useful for limited tasks, it is clear that the state of the arttoday is far from the the performance required for future sophisticated recognitionapplications, and even further from the plausible upper bound of human performance.What is required to achieve these future performance levels? Although we can expectfurther progress as improvements are made within the HMM framework, more dra-matic improvements may be possible if we can directly target and overcome knownlimitations of these models.In reviewing the strengths and weaknesses of statistical models, some directions forimprovement in this area become evident. There is great advantage to having a clearmathematical framework that admits de�nite answers to the issues of training andrecognition optimization, and any new model would do well to retain this advantage.On the other hand, the most obvious weakness in current statistical models stemsfrom particular simplifying assumptions that are inaccurate.For HMMs, perhaps the most important assumption, both for the advantagesand disadvantages that stem from it, is the assumption of conditional independenceof acoustic feature vectors given the underlying state sequence. This assumptionyields very e�cient training and recognition algorithms, but it has the drawback that



4it disagrees with what is known of the actual speech process and prevents us frome�ectively modeling the correlation of features across time.It is the purpose of this thesis to propose alternative statistical models that canincorporate more realistic assumptions and to evaluate those models in a commontest environment. The models we will investigate fall into the general class knownas segment models. Broadly speaking, segment modeling can be described as an ap-proach in which the characteristics of complete speech segments are modeled together,in contrast with HMMs and similar models in which the distributions of observationvectors that represent the speech signal over short time intervals are e�ectively mod-eled independently. Through the modeling of larger time-scale observations, segmentmodels attempt to capture the correlation of observations within phonetic segmentsand/or make use of acoustic-phonetic features that span segments.The notion of segment modeling is not new and a number of important models ofthis type have preceded this work, dating as far back as the knowledge-based, segmen-tal approaches of the 1970's. Although many of these have shown promising results inapplications of limited domain, none of them has yet shown a signi�cant improvementin performance on large vocabulary continuous speech recognition. From this perspec-tive, the potential of segment modeling has not yet been ful�lled. It is the goal ofthis thesis to explore alternative segment models, both to increase our understandingof segment modeling issues, as well as to achieve higher accuracy recognition.Among segment models of a statistical nature, the stochastic segment model(SSM) [57] has played a prominent role and represents a general framework thataccommodates a number of modeling alternatives [19, 56, 69]. The models developedin this thesis are posed within this general framework.Our work proposes a characterization of segmental methods according to two is-sues: the representation of segment observations and the type of distribution usedin computing the likelihood of phone sequences. For the �rst issue, the choice is



5whether to use distributions of variable-length observations versus modeling a �xed-length transformation of the observation sequence. The second issue concerns whetherthe likelihood for the sequence of phones comprising an utterance is computed basedon a posteriori probabilities of phones given observations versus class conditional den-sities of observations given phones. For practical and historical reasons, conditionaldensities are typically applied using variable-length distributions, and a posteriori dis-tributions most often with with �xed-length observations, although these particularassociations are not mandatory. There are advantages and disadvantages for each ofthese choices, and we elucidate some of the tradeo�s in the discussion of the speci�cmodels developed in the thesis.Under the category of conditional, \variable-length" models, we can, as a specialcase, make conditional independence assumptions similar to those found in hidden-Markov models. In this thesis, we explore the issues of Gaussian mixture modeling,using a model based on such assumptions. Although conditionally independent mod-els do not exploit the segmental properties of our general approach, they allow us toestablish baseline performance for segment models under conditions similar to HMMs.Using Gaussian mixture frame-level densities in this context, we demonstrate perfor-mance comparable to that found in high-accuracy HMM systems. Additionally, weare able to apply insights gained in this domain to a second, more general mixturemodel developed in this work, the segmental mixture model.The segmental mixture model, which also falls under the category of variable-length methods, captures distinct patterns of correlation of the feature sequencewithin phonetic segments by using mixtures of segment-length distributions. Al-though the mixture components still assume conditional independence of successiveobservation vectors, because separate components model distinct patterns, the overallmodel has the ability to capture within-segment correlation e�ects. Our results indi-cate that this approach is e�ective in capturing correlation within a segment, achieving



6context-independent results signi�cantly better than comparable non-segmental mod-els, although we were unable to show a similar improvement in the context-dependentcase due to the high dimensional parameter space of the model and limited trainingdata.We also explored properties of segment models based on the alternative distribu-tion of a posteriori probabilities of phones given speech and the issues surroundingthe use of a �xed-length representation for the speech segment. We examined theo-retical issues in using this type of model and obtained experimental evidence aboutthe impact of di�erent modeling assumptions in the context of a speci�c posteriormodel, the classi�cation-in-recognition model. Models with a similar framework tothis have been proposed by others and our work clari�es some of the common issuesthat arise from the simplifying assumptions required when using a posteriori distri-butions in recognition. Comparing this model with the segment mixture model, wedraw some general conclusions about the relative merits of a posteriori versus con-ditional models and �xed- versus variable-length representations. In particular, we�nd that conditional models can more easily incorporate phonetic context, while aposteriori models have a natural formulation for including a window of observationcontext. The recognition performance of the speci�c posterior model developed inthis work was found to be lower than conditional model performance, although wedid not fully exploit some of the potential advantages of this approach.The rest of this thesis is organized as follows. In Chapter 2, the speech recog-nition problem is described more fully and a review of previous work is presented.Chapter 3 describes the conditions used in the experiments presented throughout therest of the thesis. In Chapter 4, we present work on high performance, Gaussian mix-ture distributions using a version of the SSM that makes conditional independenceassumptions similar to those in HMMs. Chapter 5 describes a segmental approachbased on mixtures of segment length distributions. Chapter 6 presents work on an



7alternative, �xed-length segmental formalism that is based on posterior distributionsof phones given observations. Finally, Chapter 7 discusses contributions of the thesisand some possible future research directions.



Chapter 2BackgroundIn this chapter, we present a review of the speech recognition problem as well asthe segment modeling approach. We �rst describe the recognition problem in generaland then the statistical approach to recognition, with emphasis on the role of segmentmodels and how they contrast with hidden-Markov models. We then review a numberof previous segmental methods including earlier versions of the stochastic segmentmodel and some recent segmental methods based on arti�cial neural networks.2.1 Speech RecognitionThe goal of speech recognition is the accurate transcription of human speech bycomputer. As noted in the introduction, there are a variety of uses for a successfulspeech recognition system, both by itself, as in dictation machines and aids for thehandicapped, and as a component in other systems, as in the case of spoken languagesystems and speech-to-speech translation systems. The enormous potential bene�tof these and other applications has led to active research in speech recognition for anumber of years. 8



9Knowledge Based SystemsEarly e�orts in speech recognition were dominated by so called \knowledge-based"approaches. In this methodology, researchers typically attempted to model the speechprocess by writing programs with explicit rules that directly described that process.Most of these early e�orts were separate from concurrent research in statistical patternrecognition, and thus did not borrow from the mathematical frameworks developedin that work. While many of these e�orts used essentially ad hoc programming tech-niques for the inclusion of more rules (e.g., the HWIM system of BBN [76]), and othersdeveloped a fairly cohesive formal structure for this purpose (e.g., CMU's Hearsayproject [44]), the fundamental approach common to most of this work was the use of abroad knowledge base of \if-then" type rules describing the acoustic-phonetic knowl-edge of the system's developers. Part of the appeal that this approach o�ered was thehope that it might bring the considerable body of knowledge developed by linguistsabout the acoustic-phonetic properties of speech to bear directly on the understandingof the speech signal by the computer. Accordingly, it was hoped that as the systemswere developed, many of the errors made by the programs could be analyzed in termsof a lack of knowledge on the program's part, and the solution would be simply toadd the appropriate acoustic-phonetic rules until the errors disappeared. Moreover,the typically ad hoc framework allowed researchers to include whatever measures andheuristics seemed most useful in a fairly unconstrained manner. In particular, therewere no real obstacles in such systems to the use of segmental measurements andacoustic-phonetic \features" that spanned phones and even across phone boundaries,in addition to the short-time spectral analysis features commonly used in statisticalmethods [76].Unfortunately a number of disadvantages accompanied the rule-based approachas well. It was generally found that the rule-based framework became more and more



10cumbersome as a system's knowledge base grew. First, the sheer magnitude of thetask often became overwhelming: the process of describing all the subtle variations inacoustic-phonetics, when such e�ects as coarticulation were accounted for, requiredan unprecedented amount of linguistic analysis, not to mention programming timeto put the results of that analysis into the computer. Moreover, as the knowledgebase grew, the interactions between rules became larger in number and subtler ine�ect. As a result, the process of adding knowledge became progressively harder asmore knowledge was added to the system. Often developers found themselves witha system whose detailed rules were precisely understood but whose global behaviorwas extremely hard to analyze or predict because of the many subtle interactions ofthe independent rules.Despite the signi�cant e�orts of a number of research sites in this area, systemsof this type never achieved distinguished success in large vocabulary speech recog-nition and have generally fallen into disfavor in current research. Unfortunately,with the wide-spread abandonment of the knowledge-based approach, the question ofthe possibility and usefulness of incorporating acoustic-phonetic knowledge in speechrecognition systems has received much less attention as well. It remains an openquestion as to how and if such knowledge can actually improve speech recognitionsystems today.Statistical ModelingA second broad trend in speech recognition can be identi�ed as the \statistical"approach. In the past ten years, statistical methods have dominated the researchin recognition, both in the number of researchers employing them and by measuresof comparative system performance. The common characteristic of this work is theuse of an explicit stochastic model of the speech process. Such a framework providesanswers to questions about crucial issues such as the combination of knowledge sources



11and meaningful optimization criteria for training and recognition algorithms. Themethods that will be investigated in this thesis can be broadly characterized as beingof the statistical type. We will describe characteristics of this approach in section 2.2.Arti�cial Neural NetworksA third area of research that has recently gained signi�cant attention is the use ofarti�cial neural networks (ANNs) for speech recognition. Much of the interest in thegeneral area of neural networks was stimulated in the early 1980's by the introduc-tion of the \back-propagation" algorithm, which permitted the automatic trainingof multi-layer networks [71]. Such networks, often called multi-layer perceptrons(MLPs), have been shown to have very general classi�cation properties: they can betrained to approximate arbitrary functions given a su�cient number of hidden units[14]. There has also been considerable interest in the use of arti�cial neural networksfor the particular task of speech recognition. Initial work in phonetic classi�cation,i.e., identifying phones when the segmentation boundaries are given, produced promis-ing results [80] and excited considerable interest in the possibilities for this approach.More recent e�orts area have focused on extending the use of neural networks to themore general problem of speech recognition in which the segmentation is unknown,e.g., [78, 68].Some of the recent research in ANN's has particular relevance for the segmental,statistical approach to recognition we take in this thesis, for the following reasons.First, under certain training conditions, MLPs can be shown to approximate posteriorclassi�cation probabilities [25, 54, 59, 9] and, can thus be be integrated into a statis-tical approach to speech recognition (e.g., [8]). Second, in recent ANN research, at-tempts have been made to use neural networks to model segmental information in thespeech signal. As will become apparent later, there are a number of parallels betweensome of these segmental neural network approaches and the posterior-distribution



12method described in Chapter 6.In the remainder of this chapter, we present a general overview of statistical mod-eling for speech recognition, highlighting the fundamental di�erences between thewidely used hidden-Markov model based approaches, and segment-based systems,and emphasizing the issues relevant to successful segment modeling. We concludewith a brief review of previous segment modeling work.2.2 Statistical ApproachIn the statistical framework, the goal of recognition is simply to �nd the most likelysequence of words given the spoken utterance. More formally, we wish to �nd themaximum a posteriori (MAP) label sequence (where the labels are either phones orwords) given the acoustic observations (speech representation), i.e., to �ndA� = argmaxA p(A jY ); (2:1)where A = a1; :::; aN is a sequence of labels of variable lengthN , and Y is the sequenceof features representing the acoustic input. If the distribution p(AjY ) is known forevery possible input, Y , this rule yields the minimum probability of error. Since theprobability of observation p(Y ) is common to all hypotheses in (2.1), we can ignorethis factor and instead use A� = argmaxA p(A;Y ): (2:2)Typically, the input speech waveform is converted into a sequence of feature vec-tors, called frames, each of which represents the spectral properties of the speechsignal over a short (e.g., 10 to 20 millisecond) �xed-length window of the signal. Inthis case, if the input speech observation corresponds to T frames, Y is written as asequence of frame vectors: Y = y1; :::; yT :



13In general, the boundaries of the elements of the label sequence (beginning andend times for each of the labels ai) are unknown, and the segmentation of the signalcan be modeled probabilistically as well, yieldingA� = argmaxA XS p(A;Y; S); (2:3)where the summation is over all possible segmentations of the input. Each segmen-tation, S, consists of a sequence of segments S = s1; :::; sN; where si represents thebegin and end time for the corresponding label, ai, in A.Most speech recognition systems produce word sequences rather than phones astheir output, since this is typically more useful to the humans ultimately using thesystems. Typically, however, each of the allowable words in a system is representedas a network of phone models. For this reason, several of the models presented belowwill be described in terms of phone models and the label sequence A will denote aphone sequence.As described in the next section, for the particular case of HMMs we are notusually concerned with an explicit segmentation. However, an HMM does have anunderlying state sequence. We shall see that a maximization of a similar form as(2.3) arises for HMMs, but with the alternate interpretation that S represents a statesequence of the model, and the marginal probability of phones and speech is writtenas the sum across all such state sequences.Under either interpretation of S, instead of summing as in (2.3), it is common toperform Viterbi decoding [79] in recognition and computeA� = argmaxA maxS p(A;Y; S) (2:4)under the assumption that the most probable segmentation (or state sequence) dom-inates the sum.The above recognition criteria are quite general and simplifying assumptions mustbe made to make the tasks of parameter estimation and recognition tractable. The
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 s3s1 s2

p(s1|s1) p(s2|s2) p(s3|s3)

p(s2|s1)

p(s3|s1)

p(s3|s2)Figure 2.1: Illustration of the Markov chain of a three-state hidden-Markov model.Circles represent states of the model; arrows indicate allowable transitions betweenstates.di�erent methods in statistical modeling that we review next can essentially be char-acterized by the particular assumptions they make to simplify the above equations.2.2.1 Hidden-Markov ModelsMuch of the success of the statistical approach in improving recognition performancewas achieved in the framework of hidden-Markov models [13, 42] and these modelscontinue to dominate recognition research e�orts today [30, 4, 23, 17, 62, 72]. InHMMs [5, 3, 67] the speech process is characterized by an unobserved state sequence,with the observed speech feature vectors produced according to the output probabilitydistributions of the states of the model.Speci�cally, with HMMs, we assume that each phone is represented by a Markovchain of states. A 3-state HMM for a phoneme is depicted in Figure 2.1, where thecircles represent states, and arrows indicate allowable transitions between them. Eachstate in the chain is associated with a distribution giving the probability of observa-tions conditioned on that state, and a second set of probabilities gives the probabilityof transition between states of the model, p(sj jsi). The Markov assumption impliesthat the probability of a complete state sequence is just a product of these transition



15probabilities.Given a model, we �nd the joint probability of speech, Y; and a phone sequence,A; as the marginal over all possible state sequences, S, consistent with A (we thinkof composing the Markov chains of individual phones in the phone sequence into onebig Markov chain): p(Y;A) =XS p(Y;A; S); (2:5)but as before, this can be approximated by using only the most probable state se-quence: p(Y;A) �= maxS p(Y;A; S): (2:6)We can rewrite the probability in (2.6) using the fact that the state sequence, S,uniquely determines the phone sequence, A:p(Y;A; S) = p(Y jA;S) p(S;A)= p(Y jS) p(S): (2.7)In addition to the Markov property, the HMM assumes that individual observationscomprising the sequence Y are conditionally independent given the state of the model,analogous to a memoryless channel in communications. Incorporating these assump-tions, (2.7) becomes p(Y;A; S) =Yt p(ytjst) p(stjst�1); (2:8)where as before yt is a single frame in the sequence Y: These assumptions establishthe basis for computationally e�cient automatic training and recognition algorithms[5].One of the important innovations introduced for HMMs was the use of context-dependent phonetic models [2, 74, 43]. In context modeling, the statistics of themodel, including both the state transition probabilities and observation distributions,are conditioned not just on the particular phoneme in which they occur, but also on



16the surrounding phonetic context. For instance, in triphone models, probabilities areconditioned on the preceding and following phone in the phone sequence, in additionto the current phone. Context models essentially expand the state space of the HMM,and by doing this, capture more speci�c, detailed information about the statistics ofthe speech process, leading to substantially improved recognition performance.Another important innovation was the incorporation of derivative features [21]in the observation sequence. The use of derivatives of spectral features has enabledHMMs to model more of the dynamic behavior of the speech process, and thus par-tially compensate for the inaccuracy of assuming frames are conditionally indepen-dent.In early HMM systems, the observation probabilities, p(ytjst); were typically mod-eled as a discrete distribution of vector quantized features [3, 13], or using a singlemulti-variate Gaussian density [60]. Recently, the introduction of mixture densitiesto model these probabilities has led to improved recognition performance. This ap-proach includes both \semi-continuous" or tied mixture density modeling [6, 28] aswell as untied or \continuous-density"1 mixture models [41, 55, 23, 82]. These ap-proaches have allowed the use of models that are highly detailed, yet which retainthe smoothness characteristic of continuous parametric densities. The application ofmixture densities is not restricted to HMMs, and in subsequent chapters we describethe use of mixtures in both a simple version of our segment model that shares muchin common with HMMs and in a more sophisticated model in which a generalizationof the Gaussian mixture density serves to capture segmental information.The advantages of the statistical framework and the e�ectiveness of the inno-vations described above have led to very good performance that have helped make1We put \semi-continuous" and \continuous density" in quotes because tied mixtures and singlemode Gaussian densities are also continuous densities, and the popular mixture terminology istherefore somewhat misleading.



17HMMs the dominant approach to recognition in recent years. However, known weak-nesses of the HMM framework leave open the possibility of better performance usingalternative models.The assumptions that HMMs rely on { that state sequences are Markovian andthat observations are independent given the states { are not motivated so much bywhat is known of the speech process, as by the need for e�cient training and recog-nition algorithms. These assumptions provide only a weak model of the correlationof the speech signal across time, contrary to linguistic and statistical evidence thatthe acoustic observations within a segment are highly correlated. Segment models,which are the focus of this thesis, relax the HMM's assumptions and thus have thepotential to model the speech process more accurately.2.2.2 Segment Models: General ConsiderationsSegment models can be broadly de�ned as models of the speech process that in someway attempt to capture directly the correlation of features across segments (phoneticunits) in the speech signal. As such, segment models seek to avoid the limitingassumptions fundamental to the HMM formulation, and model complete phoneticevents as a whole. Under this broad de�nition fall a large number of approaches,including knowledge-based, statistical, and arti�cial neural network methods.When we view segmental approaches from the statistical framework, the obser-vations we model in the recognition process are fundamentally di�erent from thosein \independent-frame" models like the HMM. In a segmental approach, the basicobservation is not just a single frame from the sequence comprising the utterance,but rather the complete acoustic event spanning the range from beginning to end of aparticular putative phone occurrence. Two aspects of this observation space are im-mediately apparent. First, the dimension of the space, since it generally corresponds



18to longer acoustic observations, is much greater than that for the distribution of a sin-gle frame. We can therefore expect that the usual problems in parameter estimationfor high-dimensional spaces will be particularly acute for segment models. Second,since segment durations vary from phone to phone and from instance to instance ofa single phone, the dimension of this observation space varies too. This is in contrastto HMMs, in which the observations are just the speech frames and each is a vectorof constant length.Segment Representation: Fixed versus Variable-LengthThe variable dimensionality of the observation space constrains our choice of recog-nition methodology for segments. For instance, we cannot simply take the approachof modeling complete segments as observations from a single, simple density, such asa Gaussian distribution, since Gaussians are well-de�ned only for �xed-dimensionalspaces. The methods of dealing with this issue can essentially be divided into twocategories, depending on whether we use some �xed-length representation of eachsegment or whether we instead use the variable-length segment observation without�rst transforming it.In the �rst category, some �xed-length representation of the (inherently variable-length) segmental observation is computed �rst, and statistical modeling techniquesare then applied to this representation. The �xed-length representation allows theuse of statistical methods that can model the complete observation with a singledistribution and thus directly capture the correlation across a segment. However, thisapproach introduces new di�culties as well. By applying a variable-to-�xed-lengthfunction to individual segments, we essentially change the observation dimension forthe complete utterance (sequence of segments) to be proportional to the numberof phones hypothesized for the utterance. That is, a �xed-length representation ofsegments changes the the original observation sequence, Y , to Y 0, a concatenation of



19�xed-length segments. The di�culty arises in trying to apply the MAP criterion of(2.1) using the altered observations, i.e. choosing,A� = argmaxA p(A jY 0): (2:9)This maximization is not well-de�ned since Y 0 varies from sentence to sentence. Con-sequently, when a recognition system of this type is allowed to hypothesize di�erentnumbers of phones for an utterance, some sort of (possibly ad hoc) normalizationof the resulting scores that accommodates this transformation of the space must beintroduced.In the second category, the representation of each segment is not transformedbefore the statistical modeling stage and observations are thus proportional to theduration of the putative phone being scored. The most obvious advantage of thismethod is that it requires no normalization of scores, which in practice can prove tobe a very di�cult task. On the other hand, unlike �xed-length methods, we are un-able simply to apply the standard vector pattern recognition techniques, so modelingsegment correlation may require the development of novel statistical methods.Distribution Alternatives: Conditional versus Posterior ProbabilitiesIn addition to the choice between �xed- and variable-length representations, segmentmodels can also be grossly characterized by the type of probability distribution usedfor modeling a segment. As stated in (2.4), the goal in the statistical approachto recognition is to choose the word sequence that maximizes the joint probabilityp(A;Y; S): One approach for segment modeling is to rewrite this probability usingconditional observation densities, i.e.,A� = argmaxA maxS p(A;Y; S)= argmaxA maxS p(Y jS;A) p(SjA) p(A) (2.10)



20= argmaxA maxS Yj p(Yj j sj; aj) p(SjA) p(A): (2.11)where, sj is the segmentation for phone j, as before, and Yj is de�ned to be the seg-ment observation for the jth hypothesized phone (note that the segment observations,Yj , di�er from the frame observations yi described earlier). The �rst two of the equa-tions above are similar to the decomposition of the joint probability used for HMMs,but where HMMs further assume individual frames are conditionally independent,in the segment case, we need assume only that complete segments are independentgiven the label sequence. The general approach characterized by (2.11) will be called\conditional" segment modeling for later reference.Within the conditional framework, we can examine more speci�cally the issuesraised in the previous section concerning segment observation representation. If werepresent each segment, Yj , by some appropriately de�ned, �xed-length function,f(Yj), it may be possible to capture segment correlation simply by modeling thisrepresentation with a single joint density of the segment, but the resulting sequenceof scores must be normalized in order to make Qj p(Yj jS;A) comparable across dif-ferent label hypotheses. Alternatively, we can use a variable-length representationof segments, such as would be the case with a �xed-rate frame-based analysis of thespeech (in which case, Yj would simply consist of the subsequence of frames spanningthe hypothesized begin and end times for the segment). In this case, since the dimen-sion of the complete observation sequence does not depend on the label sequence, theconditional probability of the observations will have the same dimension for di�erenthypothesized sentences, and scores for these sentences will be comparable withoutany score normalization. As mentioned before though, the drawback of this approachis that it is more di�cult to model correlation across a segment.Note that as an obvious special case of the conditional approach, segment modelscan use frame-based analysis and assume conditional independence of frames within



21a segment (given the segment length and within-segment distribution sequence), thusadopting the essential characteristics of HMMs. In Chapter 4, we investigate the useof Gaussian mixture densities in such an \independent-frame" segment model andachieve performance comparable to analogous HMM systems.In addition to conditional models, we consider a second broad class of probabilisticsegment models based on posterior distributions. Using posterior distributions, therecognition equation (2.4) can be rewritten asA� = argmaxA maxS p(AjY; S) p(S; Y ): (2:12)The factors of (2.12) can be viewed as a \classi�cation" probability, p(AjY; S); and a\segmentation" probability, p(S; Y ): This thesis introduces a speci�c segment model,called the classi�cation-in-recognition (CIR) model, that follows this general ap-proach. In recent segment modeling by others [46, 1], this type of approach hasalso been taken, with relevant probabilities being approximated with ANN's. Weexamine some properties of the general approach and present our speci�c CIR modelwith experimental results in Chapter 6.The use of segmental models in a statistical framework is not a new goal and anumber of di�erent approaches have been taken towards this end. In the next sectionwe review some of the previous work in this area.2.3 Previous Segmental ModelsIn this section, we survey some previous e�orts in segment modeling. These includethe work of Bush and Kopec on segmental network-based digit recognition [12], sev-eral distinct variants of the SSM [57, 18], including the dynamical system segmentmodel [16] and the microsegment model [16, 36], MIT's SUMMIT speech recognitionsystem [64], as well as a number of arti�cial neural network approaches, including the



22segmental neural network [1], and the multi-layer perceptron based work of Leunget al. [46]. Each of the models reviewed can be categorized according to the issuesraised above: whether a �xed or variable-length segment representation is chosenand whether conditional or posterior distributions model a segment's probability. Inaddition to these choices we will see various approaches to the recurrent questions ofcorrelation modeling and score normalization.Bush and Kopec, 1987The work of Bush and Kopec on network-based recognition had the explicit goalof developing a formalism that could score segments as a whole [12]. Their system,which was developed for the task of digit recognition, used frame-based measurementsaugmented by segmental features. Their approach had a probabilistic framework thatexplicitly segmented the input but did not directly account for the probability ofsegmentation. With extensive testing, only two of the segmental features, segmentduration and the peak of low-frequency energy in a segment, were found to helpsystem performance.Stochastic Segment ModelsThe SSM is another formulation that uses segmental measurements in a statisticalframework [70, 57]. This model, represents the probability of a phoneme based on thejoint statistics of an entire segment of speech. Several variants of the SSM [18, 19, 69]have been developed since its introduction, and recent work has shown this model tobe comparable in performance to hidden-Markov model systems for the task of wordrecognition [38]. Since the SSM is the basis for much of the proposed research, thismodel will be presented in some detail.The SSM assumes that a phone a generates a random length sequence of obser-



23vations Y = (y1; : : : ; yL) according to the densityba;L(Y ) = p(y1; : : : ; yLjL; a)p(Lja):The model for a phone consists of a sequence of mmodel regions, each associated withthe observation density for one part of the phone. The length-dependent density forthe complete segment, ba;L(Y ), is then characterized by 1) the set of region-dependentdensity functions (typically Gaussian) with assumptions about correlation within andacross regions, 2) a collection of distribution mappings (or, time-warping transforma-tions) that associate each frame yi in the variable length observation Y with one ofthe m model regions, and 3) a duration distribution p(Lja) that models the likeli-hood of the segment length. Together the mapping and the region-dependent distri-butions specify the particular distribution to be used in computing the probabilityp(y1; : : : ; yLjL; a).The training algorithm for the model consists of an iterative estimation procedure,similar to the \Viterbi training" algorithm sometimes used with HMMs. The input tothe algorithm is the training speech and a set of word transcriptions for each sentencespoken. In the �rst step of the algorithm, the training data is segmented phonetically(i.e., phone boundaries and labels are assigned) using the current best estimate ofthe model parameters, the input word transcriptions and a dictionary that gives thephonetic pronunciation for each word in the vocabulary. The resulting segmentationdetermines the alignment of speech to model parameters, and the parameters areupdated using maximum likelihood (ML) estimation. Starting from a plausible initialsegmentation, the steps are repeated alternately until convergence.In general, the distribution used to model an L-frame segment observation is anL � q dimensional multivariate Gaussian, where q is the dimension of the featurevector at each frame. One possible mechanism for specifying the distribution is toassume that the observed frames are sampled from an unobserved �xed-length frame



24sequence, and the probability of the observed segment is just a marginal distributionof the complete, unobserved segment [69]. If the observations within a segment arenot assumed to be conditionally independent, the ML phase of training in this caseis accomplished using the Expectation Maximization (EM) algorithm.The EM algorithm [15], is a general formulation for maximum likelihood estima-tion when some of the observations of a model are \hidden" or unobserved. Thereare a wide variety of applications for this algorithm. For instance, the Baum-Welchtraining algorithm for HMMs can be recast as EM training in which the state se-quence is the unobserved component, and later in this thesis, we will encounter anapplication of the algorithm for mixture training in which the mode of the mixtureis treated as unobserved. For the particular case of training the SSM variant dis-cussed above, each phone is associated with an underlying \complete," �xed-lengthsequence of frames, so that for an actual observed segment from the training data,the unobserved components are the frames that are \missing" from the underlying�xed-length sequence. Details of this approach are found in [69].A di�erent mechanism for specifying the SSM's distribution, which has been usedin several variants of the model, is to assume that the observed frames map to a �xednumber of regions and that there are no \unobserved" regions. The linear mappingof observations to model regions is shown schematically for two di�erent segmentsin Figure 2.2. In the segment at the top of the �gure, there are more frames in thespeech segment than there are regions in the phonetic model, and multiple frames aremapped to a single region. In the second case, there are fewer frames than regions,and the frames map to only a subset of the model regions.Using this mapping and assuming the regions of the model are conditionally in-dependent, the ML phase of training is simpli�ed, since there is no unobserved com-ponent to the model. In recognition, the probability of the observed segment is justthe product of the probabilities of the observed vectors using the density of their



25respective model regions. This formulation is similar to an HMM with a �xed statetrajectory, except that the segment model has an explicit duration model p(Lja)whereas the HMM has an implicit geometric duration model. The assumptions allowthe robust estimation of the model's statistics and reduce the computation of deter-mining a segment's probability. However, the full potential of the segment model isnot utilized.A recent innovation in the development of the SSM has been the introductionof a dynamical system approach to recognition [19]. In this, phonemes are modeledas linear, time-varying, continuous state systems and the output of these systems isthe observed speech. With this framework, recognition is performed using a versionof the Kalman predictor to compute the probability of a segment in terms of itsinnovations. This formulation permits modeling of the time correlation of the obser-vation sequence, and initial results for phoneme classi�cation on the TIMIT databaseshow an improvement with this approach over models that assume observations areindependent. A disadvantage of this model is its high computational cost in bothrecognition and training.The microsegment model is another variant that has been developed within theSSM framework [16, 36]. The general microsegment model posits an embedded, hi-erarchical model of the speech process that can potentially capture both short andlong-range correlation e�ects. The particular versions of the model that have thusfar been explored experimentally use a simpli�ed, two-level model to capture corre-lation within a segment. The microsegment units at each level model the probabilityof observations, and, in principle, the observation features used in the probabilitiesmay be level dependent too. A grammar component gives the probability of gener-ating particular sequences of units at a level, and the grammar probabilities can beinterpreted as mixture weights. In Chapter 5 of this thesis, we present a segmentalmixture model which has a number of similarities to the microsegment model. We



26
Speech Frames

Model Regions

Speech Frames

Model RegionsFigure 2.2: SSM warping of segment frames to model regions shown for two di�erentlength segments. Segments with more frames than the number of model regions aremapped many-to-one; those with fewer frames than model regions use a subset of theregions.



27will explore the characteristics of the two models further in that chapter after themore general segment-mixture model has been introduced.The SUMMIT SystemIn the SUMMIT recognition system [85, 64], a hierarchical segmentation (called adendrogram) is produced and converted into a network of hypothesized segments, andmeasurements of relevant features are taken over these segments. A second networkdescribes all possible word sequences in terms of their phonetic pronunciations. Thenetwork of acoustic segments and their relevant features is then matched against theword sequence network using dynamic programming to produce the best (or N -best)answers.In this system, the approach taken to the problem of normalizing for the proba-bility of segmentation is to combine boundary probabilities determined in the initialsegmentation process into a segment \transition penalty" for the entire utterance.This transition penalty is one of the inputs to a linear discriminant classi�er, alongwith segment acoustic scores and other measurements. The classi�er is trained to�nd the combination of scores that best discriminates correct from incorrect answersin a list of N -best hypotheses.Arti�cial Neural NetworksArti�cial neural networks are well suited to a segmental approach in that a neuralnetwork can readily be constructed that decides the most likely phoneme by consid-ering an entire segment of speech at a time. By examining the entire segment, ormore accurately, a �xed-length function of the entire segment, instead of one frameat a time, the network can attempt to explicitly model the correlation of observationvectors through the segment.



28Since the promising results of early classi�cation research using Time Delay Neu-ral Networks [80], numerous techniques have been proposed to apply neural networksto the more di�cult task of recognition of continuous speech with unknown segmen-tation. For the recognition problem, many of the more recent approaches abandonthe approach of using a single classi�cation probability to score a complete phone,and instead use neural networks to score utterances on a frame by frame basis, forexample [32, 78, 49, 68]. Several of these e�orts also attempt to model some of thee�ects of correlation across frames, either by using a multi-frame window of input tothe neural network, as in [49], or through the use of a recurrent network, as in [68].Other recent work has focused on making use of neural networks as classi�ersof complete segments within the recognition context. Among these, of particularrelevance to this thesis is the neural network research at BBN and by Leung andcolleagues. Both the BBN segmental neural network (SNN) [1, 84] and the neuralnetwork model pursued by Leung et al at MIT and NYNEX, apply neural networksegmental classi�cation properties to the recognition problem. These approacheshave several similarities with the model proposed in Chapter 6, and we defer a moredetailed review of these models until that chapter.SummaryThe segment models discussed above have yet to achieve the goal of using segmentalproperties to improve continuous speech recognition performance over the conditionalindependence case of HMMs. There is good evidence that such an improvement ispossible. Versions of the SSM that make assumptions similar to HMMs have in recentbenchmarks performed competitively with HMMs, indicating that the HMM assump-tions can be viewed essentially as a special case of the segment formalism. Digalakis'dynamical system approach to recognition was the �rst to show increased accuracyusing explicit information about the correlation between frames. This improved per-



29formance demonstrated the existence of important information that is ignored byconditionally-independent models. However, his result was shown only for phoneticclassi�cation, and the approach involves a very computationally expensive algorithm.In this sense, the goal of improving large vocabulary continuous speech recognitionby using segment models is still unful�lled.In this chapter, we have provided a brief overview of a number of approaches toacoustic modeling, with an emphasis on statistical models and segmental techniquesin particular. Before turning to the acoustic modeling issues central to this thesis, inthe next chapter we present the experimental conditions and recognition methodologyused in the experiments described in later chapters.



Chapter 3Experimental ApproachIn this chapter, we describe the experimental conditions and recognition methodologyused in the experiments described throughout the remainder of the thesis. We �rstdescribe the database and signal processing analysis used in our experiments. Thisis followed by a discussion of the methods of evaluation used { phonetic classi�cationand continuous word recognition. The word recognition algorithm is based on N -bestrescoring, an approach that greatly reduces the recognition search space, and thusallows the use of more computationally expensive acoustic models, like the segmentmodels discussed in this thesis.3.1 CorpusThe corpus used in this work is the 1000-word Resource Management continuousspeech recognition task [66]. This task was designed to simulate queries to the spokenlanguage interface of a hypothetical computer controlled naval database. Speech wascollected for speaker-dependent and speaker-independent word recognition research;in this work, the speaker-independent portion of the database is used. The trainingdata in this case consists of a total of 3977 sentences spoken by 109 speakers.Numerous researchers have observed that for speaker-independent systems, gender-30



31dependent models (i.e., models trained separately on males and females), yield higheraccuracy than when all speakers train a single model. Accordingly, the models de-scribed in this work are gender-dependent. The Resource Management database isnot balanced for gender however; of the 3977 speaker independent training sentences,2823 utterances are spoken by 78 male speakers and 1154 utterances are spoken by31 females. As we will see later, this imbalance in training data can sometimes leadto di�erent recognition strategies working better for the di�erent sexes.The database also has standard test sets for evaluation of recognition accuracy.These typically consist of 300 utterances spoken by 10 speakers. Testing material wasreleased over a number of years to allow researchers to test their systems periodicallyon data that had not been seen before, and the test sets used in this thesis are the\Feb89", \Oct89" and \Sep92" sets.The grammar used in recognition evaluation is the standard \word-pair" gram-mar. The function of a grammar for speech recognition is to reduce the set of wordsequences that are possible or likely and thus reduce the search space of the recognizer[39]. The word-pair grammar was designed by examining a set of example sentencesfrom the Resource Management domain to determine which pairs of words occurredin the set. The grammar allows only those sequences for which each pair of words wasobserved in the original set of sample sentences. The resulting grammar, althoughgenerally considered too restrictive to model a real computer interface, has a simplemeasure of complexity and has become a standard condition for reporting results onResource Management.The signal processing for our experiments consists of computing a sequence ofvectors that capture the spectral characteristics of the speech over a small window, or



32\frame", of the speech. Speci�cally, every 10 milliseconds, a vector of 14 Mel-warped 1cepstral coe�cients is computed using a 20 millisecond window of the speech. Inaddition, we use the �rst di�erences of the cepstral coe�cients and energy in orderto capture some of the dynamic characteristics of the signal.The last o�cial evaluation with the Resource Management database was in Septem-ber 1992 [58]. At that time, all ARPA sponsored research systems were evaluated onthe Sep92 set, and sites that chose to were given the chance to report performanceon the earlier Feb89 and Oct89 sets using their most recent systems. For the Sep92set using the word-pair grammar, the performance for di�erent speaker-independentsystems varied from 4.4% to 11.7% word error rate, with the average performanceover the best system from each of the 10 sites of 7.2%. Four of the sites (includingthe two systems with lowest error rates for the Sep92 set) also submitted results forthe Feb89 and Oct89 tests. For Feb89, the results ranged from 2.7% to 6.1%, andfor Oct89, the results ranged from 2.7% to 6.4%. (There is no simple explanationfor the generally higher error rates for the Sep92 test set compared with earlier tests,although informal listening suggests that the speakers for this set are \less careful"in their speech than speakers from earlier tests.)1By Mel-warping we mean a non-uniform scaling of the frequency axis, f , by the functionm(f) = f0 log�(1 + (�� 1) ff0 );where � = 2 and f0 = 1000Hz. Additionally, we consider only the band from fmin = 125 tofmax = 6000Hz and we linearly warp the Mel scale from m(fmin) to m(fmax) into the range 0 tofn, where fn is Nyquist frequency, using the function~m(f) = fn m(f) �m(fmin)m(fmax)�m(fmin) :Cepstral analysis is performed on the resulting transformed frequency scale.



333.2 Recognition MethodologyThe two general methods used to evaluate speech recognition systems are classi�cationand recognition. In classi�cation, the segmentation is given and the goal is simplyto �nd the most likely label for each segment of speech given its begin and endtime. In the more general problem of recognition, on the other hand, both labels andsegmentation are unknown. In this thesis we looked at classi�cation of phonemes forinitial model development and recognition of words for their �nal evaluation.3.2.1 Phonetic Classi�cationIn phonetic classi�cation, the correct segmentation (phoneme beginning and endtimes) of the input observation sequence is given, and the object is to assign cor-rect phone labels to each segment. Because classi�cation does not involve a searchfor the best segmentation, the computation in this process is much less than that forrecognition, and it therefore makes a good initial test bed for model development.We wished to run both word recognition and phonetic classi�cation experimentson the Resource Management database, but classi�cation requires that the test databe correctly labeled for both the correct phone sequence and the phone boundaries.The Resource Management database is not phonetically labeled and has just correctword transcriptions, so an automatic labeling scheme was used to determine the ref-erence phoneme sequence and segmentation for each sentence in the database. Thelabeler, based on a context-dependent SSM, took the correct orthographic transcrip-tion, a pronunciation dictionary, and the speech for a sentence and used a dynamicprogramming algorithm to �nd the best phonetic alignment. The procedure used aninitial labeling produced by the BBN BYBLOS system [40] as a guide, but allowedsome variation in pronunciations, according to the dictionary, as well as in segmen-tation. The dictionary used here and for other aspects of recognition gives phonetic



34pronunciations for each of the 1000 words in the Resource Management task. Theaverage number of pronunciations per word is 1.1, with most words having just asingle allowable phone string. The alignment that results from this process is 
awedin comparison with carefully hand transcribed speech, like that found in the TIMITdatabase, but it is good enough for simple comparisons.Having obtained phonetically aligned test data, the actual classi�cation processis just a matter of �nding the most likely phone label for a speech segment accord-ing to the model being evaluated. Performance is measured as the percent correctclassi�cation averaged across the database. Our early experiments showed that usingcomparable models and analysis, there is only about a 4-6% loss in classi�cation per-formance between the TIMIT and Resource Management databases for models withperformance in the range of about 70% correct (e.g., from 72% to 68% correct forcontext-independent models). This indicates that the automatic labeling procedureproduces transcriptions that are accurate enough to make preliminary comparisonsof classi�cation algorithms.3.2.2 Continuous Word RecognitionIn continuous word recognition the segmentation is unknown and the object is to de-termine the most likely word sequence from all possible segmentations. In recognitionwe use a phonetic dictionary that determines the allowable phoneme pronunciationsfor words, so �nding the most likely word sequence is equivalent to �nding the mostlikely phone sequence using the constraints of the dictionary.Many of the models developed in this thesis require substantially more computa-tion for word recognition than is usual for other statistical methods, like the HMM;it is not surprising that models that relax restrictive assumptions incur a penalty oflarger search spaces and correspondingly greater computation. For continuous word



35recognition, to be able to use these less restrictive models and still be able to runexperiments in a timely manner, we can greatly reduce the search space by adoptingthe N -best word recognition strategy [73, 56].The N -best mechanism was originally developed for use in a spoken language sys-tem in which a speech recognizer generates a list of the N highest scoring candidatehypotheses for a single utterance, which are then passed to a natural language compo-nent that applies language constraints to determine the most likely of these candidates[73]. As developed in [56], this mechanism can be used to rescore hypotheses with avariety of knowledge sources, not just a natural language component.The particular con�guration of the N -best formalism used for this work is asfollows. The hypotheses to be rescored are generated by the BBN BYBLOS N -bestrecognition system [73], a very high performance HMM recognition system. In thiswork, the BYBLOS system used the word-pair grammar to constrain the possible wordsequences that were scored, and for each utterance it generated N = 20 hypotheses,where each hypothesis corresponds to a di�erent possible sentence. This list containsthe correct answer about 97% of the time.After the hypotheses are created, they are rescored with the SSM. The SSMreceives from BYBLOS the words in each hypothesis as well as the begin and end timesand labels for the highest scoring phoneme transcription corresponding to the words.The SSM uses the phoneme boundary times as a guide for conducting a constraineddynamic programming search that considers alternative boundaries within a smallwindow around the times found by the HMM (� 100 milliseconds). Additionally,the SSM considers not just the phonemes given by the HMM transcription, but allpronunciations that are listed for a word from a pronunciation dictionary (the samedictionary used in the alignment process described in the previous section).To assign a single score to a hypothesis, the system takes a linear combinationof the following scores: the SSM log score, the number of words in the sentence



36(e�ectively, a word insertion penalty), the number of phonemes in the sentence, andoptionally the HMM log score. Note that although the HMM provides the numberof phonemes from its labeling of the hypothesis, since the SSM considers di�erentphonetic pronunciations, its alignment may have a di�erent number of phonemes,and to be consistent we use the number of phonemes as computed by the SSM.The set of weights used in the linear combination of scores is estimated to minimizethe word error rate over a set of sentences from a development test set [37]. Thespeech in this set is not part of the training used for the SSM model parameters.For most of the experiments described later in the thesis, the principle focus is onperformance of the SSM alone. In this case, we do not use the N -best system tocombine the SSM with the HMM. However, even in this simpler case, we make useof the mechanism to combine scores in order to weight the SSM score, the numberof words, and the number of phones, since weight estimation provides an automaticmethod for determining good \insertion penalties" (weights for the number of wordsand phones).Ideally, the weights for combining the di�erent knowledge sources should be trainedon a set of data independent from the set that is being evaluated, since the weightsmay become overtuned to the particular set they are trained on, making evaluationless meaningful. Previous work, however, suggests that this e�ect is negligible, prob-ably because the number of parameters being estimated is small (typically 3 or 4)and the amount of data in a test set is relatively large (300 sentences or about 2500words). Therefore, in order to save computation in experiments, unless otherwisenoted, the results presented in this thesis generally use weights trained on the sameevaluation set.In evaluating performance using the N -best formalism, the word error is computedfrom the highest-ranked of the rescored hypotheses. The percent word error is de�nedto be the sum of the number of substitutions, deletions and insertions, divided by the



37number of words in the correct sentence. The overall performance is the word erroraveraged across all utterances in the database.



Chapter 4Frame-Level Mixture Models4.1 IntroductionIn recent non-segmental work based on HMM's, researchers have obtained very goodrecognition performance using mixture densities to model the probability of individ-ual frames (e.g. [23, 82]). As noted in Chapter 2, the stochastic segment model, whichis the basis for the models in this thesis, has as a special case, an independent-frameformulation similar to HMM's, so we can expect to achieve comparable performanceby adopting similar techniques. Although this approach does not exploit the seg-mental characteristics that make our models potentially more powerful than HMM's,it is useful to have a high-performance, baseline system with which to compare anyimprovements due to segmental modeling algorithms. Additionally, our experiencewith the independent-frame mixture algorithms described in this chapter is directlyuseful in the development of the more general segment-mixture model described inChapter 5.In HMM-based speech recognition systems, mixture distributions have recentlyachieved widespread acceptance as a high accuracy acoustic modeling technique, �rstin the form of tied-mixture, or semi-continuous systems [28, 6] and, more recently,38



39with the adoption of untied mixtures (also called \continuous-density" mixtures)[23, 82, 41, 55]. Both types of mixture have the ability to model a wide variety ofdata distributions, and the di�erent types of tying allow the researcher to trade o�smoothness versus model detail in a controlled manner.In this chapter, we �rst describe Gaussian mixture modeling and review previ-ous work in this area. We then describe the training procedure for mixtures in theindependent-frame SSM framework, including algorithm modi�cations introduced forcomputational e�ciency. We next discuss some of the parameterization issues andsimplifying assumptions that can a�ect performance with mixtures, and concludewith results of experiments exploring these issues.4.2 Previous WorkA central problem in speech recognition for both the HMM and SSM is �nding a goodmodel for the probability of acoustic observations conditioned on the state in a hidden-Markov model (HMM) or, for the case of the independent-frame SSM, conditionedon a region of the model. For these models, the acoustic observations of interest aretypically some frame-based representation of the spectral properties of the speech,such as a vector of cepstral coe�cients, computed over a short time window. Someof the options that have been investigated for modeling these observations includediscrete distributions based on vector quantization of the feature space, as well ascontinuous distributions such as Gaussians, Gaussian mixtures and tied-Gaussianmixtures.In discrete distribution HMM's, the successive feature vectors (frames) of thespeech signal are vector quantized and the observation probabilities become non-parametric discrete distributions of the quantized codebook indexes. Examples ofthis type of model include the early systems developed at IBM [3], BBN [13], SRI



40[52], and CMU [42]. This method su�ers from a loss of information introduced byquantization of the feature vector, but has the advantage of making few assumptionsabout the shape of the distribution. Estimates of discrete distributions may alsorequire large amounts of training data and special smoothing techniques to ensurerobustness of the estimates [77, 75].An alternative approach, is to use simple parametric distributions, such as multi-variate Gaussian distributions. In this case, we denote the probability density of framey conditioned on model region r (alternatively, HMM state r) as p(yjr) � N(�r;�r);where �r and �r are the distribution mean and covariance matrix, respectively. (Forthe purposes of this discussion, the region index r denotes a region within a particularphonetic model, i.e., every region of every model has a di�erent index.) With Gaussiandistributions, the problems of quantization are eliminated and robust estimates cangenerally be found with moderate amounts of data, but the assumed parametric formmay be a poor �t to the actual distribution of the speech data. Systems of this formhave been explored in [60] and [69].A more general parametric model that overcomes some of these limitations isa Gaussian mixture density. In this case, the probability of an observation vectorconditioned on model region r is written asp(yjr) =Xk wrk prk(y): (4:1)Here the set of mixture \component densities", prk(y), are again assumed Gaussian,prk(y) � N(�rk;�rk), for k = 1; 2; : : :, and the mixture weights, wrk, give the prob-ability of each mixture component for the region, i.e., wrk = p(kjr): Mixture modelsallow more general types of distribution \shapes" (e.g., multimodal and/or asym-metric distributions) and, in principle, can approximate arbitrary distributions givenenough component Gaussians. They also retain the characteristic smoothness of sim-pler parametric densities. Since the number of parameters is directly related to the



41number of mixture components in the densities, it is important to avoid introducingso many components that the model cannot be well estimated. Some examples ofthis type of system can be found in [34, 65, 53, 41, 55, 23].A crucial issue in the development of these models has been the trade-o� betweenmodeling power and \trainability": the ideal density should be powerful enough tomodel arbitrary distributions, yet have a representation su�ciently parsimonious toallow robust parameter estimation with limited training data.In tied-mixture modeling, distributions are again modeled as a mixture of contin-uous densities, but rather than estimating the component Gaussians separately, everymixture density in the system is constrained to share the same underlying Gaussianswith only the weights di�ering. The probability density for observation vector yconditioned on being in region r is thusp(y j r) =Xk wrkpk(y): (4:2)Note that here the component Gaussian densities, pk(y) � N(�k;�k), are not indexedby the region, r. This approach can be seen as a particular example of the generaltechnique of tying to reduce the number of model parameters that must be trained[33].\Tied mixtures" and \semi-continuous HMMs" are used in the literature to referto HMM distributions of the form given in Equation (4.2). The term \semi-continuousHMMs" was coined by Huang and Jack, who �rst proposed their use in continuousspeech recognition [28]. The semi-continuous terminology highlights the relationshipof this method to discrete and continuous density HMMs, where the mixture compo-nent means are analogous to the vector quantization codewords of a discrete HMMand the weights to the discrete observation probabilities, but, as in continuous den-sity HMMs, actual quantization with its attendant distortion is avoided. Bellegardaand Nahamoo independently developed the same technique which they termed \tied



42mixtures" [6]. For simplicity, we use only one name in this work, and choose the termtied mixtures, to highlight the relationship to other types of mixture distributions.Although untied mixtures are slightly simpler conceptually and were introducedearlier [34, 65, 53], the use of mixture modeling �rst became widespread for largevocabulary recognition with the introduction of tied mixtures. Tied mixture systemso�er two advantages. First, they provide smooth, robust estimates for moderate sizedtraining databases and second, in their basic form, the computation for tied-mixturesystems is substantially smaller than for untied systems.More recently, untied mixture densities, with both di�erent weights and di�erentGaussians for each distribution in a system, have been found to o�er the possibilityof more detailed, \higher resolution" modeling of observation densities when there isadequate training data. Performance on the Wall Street Journal dictation task [63],with its relatively large training database, indicates that untied mixture modelingmay yield generally higher performance than tied mixtures in this situation.In another recent trend, researchers have recognized that a continuum of tying op-tions exists, and it is possible to choose a level of tying appropriate to the training dataand computation allotted for a task. Accordingly, a number of variants of mixtureshave been proposed. One possibility is to reduce the tying from a single \codebook"of underlying Gaussian densities, to one codebook for each phone [61]. This type ofsystem allows higher resolution models while retaining some of the smoothness andspeed of tied systems. SRI has recently introduced the so called \genonic" mixturemodel [17]. In this model, multiple tied-mixture codebooks are also used, but in thiscase, the group of models that share a set of Gaussians in a mixture is determinedautomatically via clustering, rather than being prechosen according to linguistic class.Error rate reductions over tied-mixture systems of 25% and more have been reportedwith this approach.In large-vocabulary recognition, the number of context-dependent states rises very



43quickly with the number of allowed words. In order to reduce the number of freeparameters in the system and to be able to use the training data of triphones thatoccur infrequently, in addition to tying the underlying Gaussians of a mixture, it ispossible to tie the mixture weights across states that have similar densities, so thatthey share complete distributions. Equivalence classes of context-dependent HMMstates can be automatically derived, using either agglomerative or divisive clusteringtechniques. The clustering criteria can include information theoretic measures ofdensity similarity or linguistic information about the phonetic context of a state.The semi-continuous senone model developed at CMU [31] was one of the �rst toexplore the possibilities of this approach. In this case, starting from a tied-mixturesystem, all states grouped in an equivalence class share mixture weights as well asthe underlying Gaussians. Similar state-tying has also proven e�ective for \untied"mixture systems [82] (untied in that each equivalence class has separate Gaussiansand weights, but tied in that states in the same class share complete distributions),as well as uni-modal Gaussians [35].In addition to the degree of tying, there are several other important parameterchoices that lead to mixture models with di�erent performance characteristics. Onechoice involves the feature correlation structure assumed for the component densitiesof the mixture. In some systems, input features such as cepstra and their derivativesare treated as distinct observation \streams", where each block of features is assumedindependent and is modeled by a separate set of mixtures. Alternatively, the blockscan be concatenated and modeled by a single density. Within an observation stream,di�erent assumptions about feature correlation are possible, leading to either fullcovariance, diagonal, or block diagonal Gaussians. For tied mixture systems, Gaussiancomponents are modeled using either full covariance matrices [30, 40] or diagonal[62, 50, 4], whereas, recent untied mixture systems have all used diagonal covariancesto limit both computation and the number of parameters that must be trained.



44Parameter initialization is another issue that can be important, since the EM algo-rithm used for training mixtures is an iterative hill-climbing technique that guaranteesconvergence only to a local optimum. Many researchers initialize mixture componentGaussians with parameters estimated from data subsets determined by K-means clus-tering, e.g., [30], although Paul describes a di�erent, bootstrapping initialization [62].Often a large number of mixture components are used and, since the parameterscan be overtrained, contradictory results are reported on the bene�ts of parameterre-estimation. For example, while many researchers �nd it useful to re-estimate allparameters of the mixture models in training (e.g., [6, 30]), BBN reports no bene�tfor updating means and covariances after the initialization from clustered data [40].In addition to the work described above, other related methods have also informedthe research concerning mixture distributions for speech recognition. First, mixturemodeling does not require the use of Gaussian distributions; good results have alsobeen obtained using Laplacian distributions [55, 4], and presumably other componentdensities would perform well too. Ney [54] examines the neural network techniqueof radial basis functions and �nds that it is essentially the same as tied mixtures ofdiagonal Gaussian densities. One version of the BBN segmental neural network makesuse of elliptical basis functions, which are analogous to tied mixtures of full-covarianceGaussians [83].Of course, the best choice of model depends on the nature of the observationvectors and the amount of training data. As stated before, it is likely that theamount of tying in a system can be adjusted across a continuum to �t the particulartask and amount of training data. Later in this chapter, we describe experimentswith various mixture models for speaker-independent recognition in the context ofthe independent-frame SSM system. A number of results reported previously in theliterature are di�cult to compare due to di�ering experimental paradigms; our work,in addition to improving overall recognition accuracy for the SSM, attempted to shed



45light on the performance implications of some of these parameterization issues in acontrolled setting.4.3 Training AlgorithmsIn this section we �rst describe the training algorithm used for mixtures in theindependent-frame SSM. Next, we describe a parallel implementation of the trainerthat greatly reduces experimentation time. Lastly, we present a training modi�-cation that improves e�ciency when estimating context-dependent models in thetied-mixture case.4.3.1 The SSM and \Viterbi" Mixture TrainingIn this chapter, we use the independent-frame SSM described in Chapter 2. Speci�-cally, a linear time warping function maps each observed frame to one of m regionsof the segment model. Each region is characterized by a (tied or untied) Gaussianmixture distribution, and the frames are assumed conditionally independent giventhe length-dependent warping. The conditional independence assumption allows ro-bust estimation of the model's statistics and reduces the computation required todetermine a segment's probability, but the potential of the segment model is notfully utilized. Under this formulation, the SSM is similar to a mixture HMM with aphone-length-dependent, constrained state trajectory. Thus, many of the experimentsreported here are comparable with analogous HMM systems.As described before, the SSM training algorithm [57] alternates between segmenta-tion and maximum likelihood (ML) parameter estimation, so that during each param-eter estimation phase of the algorithm, the segmentation computed in the precedingphase gives a set of known phonetic boundaries. Additionally, for a given phoneticsegmentation, the assignment of observations to regions of the model is uniquely de-



46termined by the model's deterministic warping. SSM training is thus similar to HMM\Viterbi training", in which training data is segmented using the most likely statesequence and model parameters are updated using this segmentation. Although itis possible to de�ne an SSM training algorithm equivalent to the Baum-Welch algo-rithm for HMMs (i.e. an ML estimation algorithm that treats the segmentation asan unobserved component), the computation is prohibitive for the SSM because ofthe large e�ective state space.Estimation of the mixture distributions is greatly simpli�ed by the constrainedsegmentation in SSM training; the mapping of training observations to model re-gions is known, so the training of each region's distribution becomes an independentproblem of simple mixture estimation. In this case, the parameter estimation stepof the SSM's iterative segmentation/estimation algorithm involves the use of theexpectation-maximization (EM) algorithm, itself an iterative algorithm, to estimatethe parameters of a mixture distribution [15]. In applying the EM algorithm, weassume that each training observation is generated by a single mode (Gaussian distri-bution) of the mixture density for a model region, but the identity of the particularmode is unobserved. In contrast to SSM mixture training, the full EM algorithm formixtures in an HMM handles both the unobserved state in the Markov chain andthe unobserved mixture mode [6]. For completeness, we summarize the re-estimationformulae for the SSM below.Untied Mixture Re-estimation FormulaeWe will develop the untied mixture case �rst, and then indicate the changes requiredfor tied-mixture re-estimation. We wish to estimate the parameters of each mixturedistribution, speci�cally, the mixture weights, wrk = p(kjr); and the means and co-variances of the component Gaussians, �rk and �rk. For convenience, we can considerthe complete training data as a single sequence of frames, Y = Y 1; : : : ; Y T . In the



47EM algorithm, we compute a set of \counts" based on the training data, and thenuse these to update our estimates of the model parameters. The count for a mixturecomponent given a speci�c frame from the training set, Y t; is just the estimate of theprobability of observing that particular component given the frame. The motivationfor the terminology \count" may be understood by considering the case where themode of the mixture is somehow known for every training sample. In this case, theprobabilities in question would always be 1 for some particular component of themixture and 0 for all others. The sum of these probabilities over the database wouldthen just be the count of the number of times each mode occurred in training in eachregion of the model. In the real case, when the mixture mode is unknown, we are ac-cumulating instead sums of probabilities that each mode occurred over the database,and the sums therefore give probabilistic \counts" of the number of occurrences fora region.Speci�cally, the count �krt is de�ned to be the estimate of the probability thatthe kth component of the Gaussian mixture distribution for model region r is theunobserved component, given that the observation is frame Y t:�krt = pp(kjr; Y t)= pp(Y tjk; r) pp(kjr)pp(Y tjr) ; (4.3)where the notation pp(�) indicates a probability based on model parameters from thepth iteration of the EM algorithm. That is, pp(Y tjk; r) is the estimate of the Gaussiandistribution for component k of the mixture with mean and covariance estimatedfrom iteration p of the algorithm, and pp(kjr) is the estimate of the mixture weightfor component k in region r from iteration p. The denominator of (4.3) is computedas the marginal sum over mixture components:pp(Y tjr) =Xk pp(Y tjk; r) pp(kjr): (4:4)



48Let t(r) denote the set of frames from the training sequence that are mappedto a particular region r of a model (i.e., those frames assigned to region r based onthe current segmentation of the training data and the model's deterministic warpingwithin a segment). As shown in a later appendix, the update formula for the mixtureweight for region r, Gaussian component k, can then be expressed as:p̂ (kjr) = Xt2t(r)�krtXk Xt2t(r)�krt : (4:5)The mean and covariance estimates are�̂kr = Xt2t(r) �krt Y tXt2t(r) �krt ; (4:6)and �̂kr = Xt2t(r) �krt (Y t � �̂kr)(Y t � �̂kr)TXt2t(r)�krt : (4:7)Tied Mixture Re-estimation FormulaeThe modi�cations to the above equations for re-estimating the tied mixtures of (4.2)are straightforward. The counts, �krt; are computed in the same way, as are theestimates for the weights, p̂(kjr): However, the re-estimation of the parameters of thetied Gaussians, �̂k and �̂k is di�erent. Since the Gaussians are now shared by everyregion of every phonetic model in the system, we sum the counts across all theseregions in estimating the new parameter values. In this case, the update formula forthe Gaussian means is �̂k = Xr Xt2t(r) �krt Y tXr Xt2t(r)�krt ; (4:8)



49where the summation over r denotes a summation across all the regions of the model.The corresponding equation for covariances is�̂k = Xr Xt2t(r)�krt (Y t � �̂k)(Y t � �̂k)TXr Xt2t(r) �krt : (4:9)In Chapter 5, we will introduce a segmental mixture model that has this chapter'sindependent-frame model as a special case. The full derivation of the EM algorithmfor that more general case will be given in an appendix there.Parameter InitializationSince the training algorithm described above is an iterative hill climbing technique,the type of initialization used can be important if we are to avoid convergence to apoor solution. We investigated two di�erent methods for choosing initial estimatesfor context-independent models.In the �rst method, we cluster the training data based on the k-means algorithm(called the isodata algorithm in [20] and referred to as the LBG algorithm in informa-tion theory literature [48]) using a Euclidean distance metric. A mean and covarianceare then estimated from the data corresponding to each k-means cluster and these areused as the parameters of the component Gaussian densities for the initial mixture[29]. The mixture weights are initially equal for all components.In the second method, we obtain initial Gaussians from models trained in a non-mixture version of the SSM. The initialization procedure is slightly di�erent for thetied and untied case. In tied-mixture initialization, we need to choose just a singleset of Gaussians that will be shared among all regions of all phones. In this case theGaussian means are assigned from a subset of the non-mixture triphone Gaussiansusing the following procedure: we cycle through all phones in the phone alphabet,choosing from all the context-dependent triphone models of the particular phone,



50the one that has the highest frequency of occurrence in training. One of the regionsof the triphone is chosen (arbitrarily, region 1, since Gaussians will be shared acrossregions) and assigned as the mean of the next Gaussian in the model being initialized.We continue in this manner going through the set of phones (repeatedly, if thereare more mixture components than phones), choosing the next highest frequentlyobserved triphone for each phone, until we have the required number of Gaussians forthe mixture. When the mean of a mixture component is assigned from a non-mixturetriphone model, the covariance is initialized to be the non-mixture covariance fromthe corresponding context-independent model (i.e. using the same phone and regionas the mean). Context-independent covariances are used in order to give a broadinitial distribution and thus avoid premature convergence in training. In general, thisinitialization procedure attempts to cover the space of phones while using robustlyestimated models. For tied mixtures, it has the possible advantage over the k-meansinitialization of broader coverage of the phone set, which is important for phonediscrimination and not necessarily accomplished by minimizing Euclidean distance asin the k-means algorithm.In the untied case, in which each region of each phone has a separate set ofGaussians, the initial Gaussian means for a phone's mixture are chosen only from thecorresponding region in the associated non-mixture triphone. We cycle through eachphone's triphones from most to least observed models, and as before, we initialize thecovariance to be the context-independent covariance from the corresponding regionin the non-mixture model.Given one of the above initial estimates, mixture training for context-independentmodels proceeds for several iterations of the EM algorithm. Training of context-dependent models begins after convergence of the context-independent models. Eachcontext-dependent allophone is initialized to have the same mixture distributions asits corresponding context-independent phone model, and several more iterations of



51the EM algorithm are applied to the combined context-independent and context-dependent models. In the early iterations of the EM algorithm, we add a smallpadding value to the weight estimates and then renormalize, in order to avoid pre-mature parameter convergence. The padding value for the �rst iteration is typicallyabout 1=2N , where N is the number of mixture components. This value is decreasedby a factor of 10 at subsequent iterations and not used at all after three or fouriterations.Robust Variance EstimatesThe EM algorithm described above seeks to maximize the likelihood of training data,but under certain conditions this approach can lead to degenerate parameter esti-mates. In particular, if the mean of one of the Gaussian mixture components takeson the value of one of the training samples and that component's variance becomeszero, the likelihood of the training data becomes unbounded. Since an unboundedlikelihood is optimal for ML training, the EM algorithm will in fact seek such a solu-tion given the right initial conditions. For tied mixtures, this behavior is unlikely forthe number of mixture components typically used, since the Gaussians are shared byall densities in the model and the covariance estimates will therefore almost alwaysbe broadened by having non-zero contributions from many training samples. Theproblem can arise, however, in the case of untied mixtures, where there are usuallymany more Gaussian components to be trained, and some of the components canbecome \dedicated" to just one or two outlying training samples.A number of schemes are possible to prevent singular covariance estimates in thiscase, such as \clipping" variance estimates that fall below some threshold [41] or usingBayesian estimation techniques that make use of a prior distribution over variances[24]. Both of these approaches serve to eliminate very narrow variance estimates andhave similar performance characteristics [22]. In our work, we found problems with



52degenerate variances only in the case of untied mixtures, for which we had assumeda diagonal covariance structure. We adopted a variance clipping approach patternedafter that described in [41]. Speci�cally, the clipping threshold for each feature of theGaussian was estimated as a �xed percentile of the overall variance for that featureestimated across all training observations. All variance estimates below this werereplaced with the threshold value. In experiments, we found that the speci�c choiceof percentile was not critical { anything in the range from about to 15% to 50% gavesimilar performance { as long as improbably small variances were removed.4.3.2 Parallel TrainingTo reduce computation, our system prunes low probability observations, using theapproach described by Paul in [62], and for tied mixtures, uses the marginal trainingalgorithm described in the next subsection. However, even with these savings, mix-ture training { particularly tied mixture training { involves substantial computation,making experimentation potentially cumbersome. When the available computing re-sources consist of a network of moderately powerful workstations, as was the case forthis work, we would like to make use of many machines at once to speed training.At the highest level, mixture training is inherently a sequential process, since themodel estimates from each pass are used in obtaining the estimates for the next pass.However, the bulk of the training computation involves estimating the counts de�nedin (4.3) over a database, and these counts can be computed independently of eachother. We can therefore speed training by letting machines estimate the counts fordi�erent parts of the database in parallel and combine and normalize their results atthe end of each pass.To implement this approach, we use a simple \bakery" algorithm to assign tasks:as each machine becomes ready to do work, it reads and increments the value of a



53counter from a common location indicating the sentences in the database it shouldwork on next. Mutual exclusion must be ensured for operations on the task counter inorder to prevent two machines from reading the same value and estimating the samecounts twice. The use of a task counter, rather than simply assigning a portion ofthe database to each of the available machines at the beginning of training, providessimple dynamic load balancing, allowing us to make e�cient use of machines thatmay di�er in speed over the course of training. Finally, one processor is distinguishedas the \master" processor and it is assigned the task of collating and normalizing thecounts at the end of each pass. This processor signals the others to proceed to thenext iteration of training by setting a synchronization 
ag (also protected by mutualexclusion).For parallel algorithms that require that all processors obtain exclusive access toa resource (such as the task counter and synchronization 
ag in this algorithm), thereis a danger that processors will have to wait idly while others access the resource,greatly reducing the overall e�ciency of the algorithm. For this reason, in many casesit is important to have very fast mutual exclusion operations. However, because of therelatively coarse grain of parallelism in our case (one task can consist of processing 10utterances, and we typically use less than 5 machines at once), we can take the simpleapproach of storing the counter and synchronization 
ags in �les on the network-accessible �le system and use the mechanism of �le locking for mutual exclusion.Although network disk operations are relatively slow (in comparison with processorinstruction speed, for example), a much greater amount of time is spent estimatingthe counts than accessing the counter, and there is therefore no noticeable penalty interms of e�ciency.With the use of this algorithm, we obtain a speedup in training linear with thenumber of machines, providing a much faster environment for experimentation.



544.3.3 Mixture Context ModelingWe have investigated two methods for training context-dependent mixture densities.The �rst is useful for both tied and untied systems, and the second, though applicableonly to tied mixtures, o�ers a signi�cant speed improvement.In the �rst method, weights are used to combine the probability of di�erent typesof context. These weights are typically a function of both the density's positionin the model (i.e., whether the density's region is near the left or right end of aphonetic model) and the number of training samples observed for the particular con-text. Essentially, this method estimates the combined context model as a mixtureof individual context models. This mixture is treated di�erently than the frame-level mixtures that are the focus of this chapter. In particular, the context mixtureweights cannot be reliably estimated using the ML techniques of this chapter withoutovertuning to the training data. Speci�cally, triphone models are able to match thetraining data so well that if the context weights are trained using ML, the weightsfor other contexts will be estimated as essentially zero. This form of overtuning leadsto very poor performance on independent test data. The most common methodsof avoiding this are to choose weights manually [74] or derive them automaticallyusing a deleted-interpolation algorithm [33]. Paul evaluated both automatic andmanually-derived weights for tied-mixture context modeling and found no signi�cantperformance di�erence between the two [62]. In our experiments with this method,we used manually-picked weights.For tied mixture systems, we developed a second method that takes advantageof the fact that all densities in the system are weighted combinations of the sameunderlying Gaussians. Accordingly, in this method, only models of the most detailedcontext (in our case triphones) are estimated directly from the data, and simpler con-text models (left, right, and context-independent models) are computed as marginals



55of the triphone distributions. For example, the estimate for the probability density ofobservation y given region r in the context-independent model for phone a, p(y j r; a),is just computed as the prior-weighted sum of the corresponding triphone contextmodels of phone a. If we use the shorthand notation b[a]c to denote the triphone\phone a, when it is preceded by phone b and followed by phone c," we can write thismarginal as p(y j r; a) =Xb Xc p(y j r; b[a]c) p(b[a]c j a): (4:10)The probability p(b[a]c j a) is the relative frequency estimate of observing the context-dependent allophone given phone a.This approach is feasible because the Gaussian components are shared. If theywere not, the marginal in (4.10) would result in a density with as many Gaussiancomponents as are in all the context models of the allophone, and recognition wouldinvolve a prohibitively large computation. With tied mixtures though, the probabilityof an observation given a model is expressed asp(y j r; a) =Xk p(y j k) p(k j r; a) (4:11)where p(y j k) is the kth tied Gaussian density value and p(k j r; a) is a model-dependentmixture weight. Expanding the context-dependent probability p(y j r; b[a]c) in themarginal sum (4.10) in this way, we getp(y j r; a) = Xb Xc p(y j r; b[a]c) p(b[a]c j a);= Xb Xc Xk p(y j k) p(k j r; b[a]c) p(b[a]c j a);= Xk p(y j k) (Xb Xc p(k j r; b[a]c) p(b[a]c j a)) (4.12)and (4.12) is the same as (4.11) withp(k j r; a) =Xb Xc p(k j r; b[a]c) p(b[a]c j a): (4:13)



56The computation of marginals in training is negligible since it involves just thesumming of mixture weights as in (4.13) at the end of each training pass over thedatabase. This method reduces the number of model updates in training in propor-tion to the number of context types used, although the computation of observationprobabilities conditioned on the mixture component densities remains the same.In recognition with marginal models, it is still necessary to combine the di�erentcontext types, and we use the same hand-picked weights as before for this purpose.We compared the two training methods for tied mixtures and found that perfor-mance on an independent test set was essentially the same for both methods (marginaltraining produced 2 fewer errors on the Feb89 test set) and the marginal trainer re-quired 20 to 35% less time, depending on the model size and machine memory.4.4 ExperimentsWe conducted a series of experiments to explore issues associated with parameterallocation and training in mixture distributions. In this section, we discuss experi-ments involving tied-mixture Gaussian distributions, followed by results using untiedmixtures. The results are compared to a baseline, non-mixture SSM that uses a fullcovariance Gaussian distribution at each region of each phonetic model.4.4.1 Tied-Mixture DensitiesUnder tied-mixture modeling, the �rst set of experiments examined the number ofcomponent densities in the mixture, together with the choice of full- or diagonal-covariance matrices for the mixture component densities. Although the full covari-ance assumption provides an explicit description of the correlation between features,diagonal covariance models require substantially less computation and it may be pos-sible to obtain the same correlation information using a larger number of diagonal
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PercentWordError Training Iteration
C.I. 200 diag. Gaussians 33 3 3 3 3C.D. 200 diag. Gaussians ++ + + + + +C.I. 300 diag. Gaussians 22 2 2 2C.D. 300 diag. Gaussians �� � � �Figure 4.1: Diagonal covariance tied-mixture results for Feb89 femalesmodels at a lower cost than the full covariance assumption.In initial experimentswith just female speakers, we used diagonal covariance Gaus-sians and compared 200- versus 300-density mixture models, exploring the range typ-ically reported by other researchers. With context-independent models, after severaltraining passes, both systems got 6.5% word error on the Feb89 test set. For context-dependent models, the 300-density system performed substantially better, with a2.8% error rate, compared with 4.2% for the 200 density system. These results com-pare favorably with the baseline SSM, which has an error rate on the Feb89 femalespeakers of 7.7% for context-independent models and 4.8% for context-dependentmodels.A summary of these results is shown in Figure 4.1. In this �gure, the word errorrate for female models from successive iterations of the EM algorithm are plottedfor context independent and context dependent models, for both 200 and 300 mix-ture systems. The plots show e�ects typical of iterative training procedures: error



58rates decrease up to a point and then begin to increase as the algorithm overtunesto the training data. Note also the rapid convergence of the context-dependent mod-els from iteration zero to iteration one (the model at iteration zero is simply thecontext-dependent model after initialization but before any training; its performanceis necessarily identical to that of the context-independent model it is initialized from).The overtuning e�ect exhibited in Figure 4.1 is commonly encountered in the EMalgorithm. On successive iterations, the algorithm essentially narrows the varianceof Gaussian densities, leading to models that give a higher likelihood on the trainingdata, but that perform poorly on independent test data. Rather than attempting to�nd the best model that is not overtuned based on a training likelihood measure, wetake the simple approach of running successive models on an independent test set andchoosing the model with the highest recognition accuracy. This approach, in turn,runs the possible risk of overtuning to the test set if the choice of iteration is somehowtest-set dependent. This does not seem to be the case in practice, however, sincewe have observed that improvements on the set used to choose the model iterationgeneralize well to independent test sets. Additionally, the �nal evaluation of a modelchosen in this way is to conducted on an independent test set.For male speakers, we again tried systems of 200 and 300 diagonal covariancedensity systems with context independent models, obtaining error rates of 10.9% and9.1% for each, respectively. Unlike the females, however, this was only slightly betterthan the result for the baseline SSM, which achieves 9.5% for this condition. Wetried a system of 500 diagonal covariance densities, which gave only a small improve-ment in performance to 8.8% error. Finally, we tried using full-covariance Gaussiansfor the 300 component system and obtained a signi�cant improvement to 8.0% er-ror rate. The context-independent performance for males with the above models fordi�erent iterations of training is summarized in Figure 4.2. The context-dependentperformance for males using the full covariance con�guration showed similar improve-
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200 diag. Gaussians 33 3 3 300 diag. Gaussians ++ + + + + + + + +500 diag. Gaussians 22 2 2 2 2 2 2 2 2300 full Gaussians �� � � � �Figure 4.2: Context-independent, tied-mixture results for Feb89 males.ment over the non-mixture SSM, with an error rate of 3.8% for the mixture systemcompared with 4.7% for the baseline.Returning to the females, we found that using full-covariance densities gave thesame performance as diagonal. We adopted the use of full-covariance models forboth genders for uniformity, obtaining a combined word error rate of 3.3% on theFeb89 test set. We plot the results for these models in Figure 4.3. In the RM SI-109training corpus, the training data for males is roughly 2.5 times that for females, soit is unsurprising that the optimal parameter allocation for each may di�er slightly.Most other reported tied-mixture systems have treated cepstral parameters andtheir derivatives as independent \streams" of observations. Speci�cally, let c representthe vector of cepstral coe�cients for a frame, dc the frame's cepstral di�erence vector,and y = (c; dc) the complete frame vector consisting of the concatenation of cepstral
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C.I. Male 33 3 3 3 3C.D. Male ++ + + C.I. Female 22 2 2 C.D. Female �� � �Figure 4.3: Best case, tied-mixture results for Feb89 males and females.features and di�erences. Then, in the independent stream case we assumep(y) = (Xk w0k p(cjk)) (Xk w1k p(dcjk)); (4:14)where the densities for each observation stream have their own mixtures and w0k andw1k are the weights for the distributions. When we use a single observation stream,as is the case for most of the experiments in this thesis, a single mixture gives theprobability for the complete vector, i.e.p(y) =Xk wk p(yjk): (4:15)The use of independent streams has the e�ect of reducing the dimensionality of theGaussians that are estimated, but may be a weaker model if the streams are actu-ally dependent. In earlier non-mixture work with the SSM, it was found to be moree�ective to model cepstral parameters and their di�erences jointly rather than inde-pendently. In this work, we compared the two approaches and found that for tied



61mixtures as well, concatenating the cepstra and their di�erences into a single obser-vation vector performed better than treating each independently. The improvementfor joint modeling was an 18% reduction in error over the independent case.A more recent trend has been to use second derivatives of cepstra in addition tocepstra and their �rst derivatives. We have not incorporated this into our mixturedensity system, but we expect we would �nd an improvement similar to that reportedby others. However, in recent work with a non-mixture version of the SSM thatuses single multivariate, Gaussian densities, it was found that simply using secondderivatives failed to improve performance. In this case, the second derivatives wereadded to the cepstral coe�cients and their �rst derivatives to form a single vector thatis modeled with a single, full covariance Gaussian density. The poor performance ispresumably due to a lack of su�cient training data for the greatly increased numberof free parameters. We would expect similar problems for the case of mixtures of fullcovariance Gaussians as well. It might be possible to avoid the strong assumptionof independent observation streams, while reducing the number of parameters, bymodeling all parameters in a single vector, but imposing a block diagonal structureon the covariance matrix so that correlation is modeled within each of the blocks(cepstra, derivatives, and second derivatives) but not between blocks.As described earlier, we investigated two methods of initialization for mixturetraining, one based on k-means clustering and the other using Gaussians estimated ina non-mixture model. We found that the k-means initialized models converged slowerand had signi�cantly worse performance on independent test data than that of thesecond method. Although it is possible that with a larger padding value added to theweight estimates and more training passes, the K-means models might have \caughtup" with the other models, we did not investigate this further.The various elements of the mixtures (means, covariances, and weights) can eachbe either updated in training, or assumed to have �xed values. In our experiments,



62Table 4.1: Word error rate on the Oct89 and Sep92 test sets for the baseline non-mixture SSM, the tied-mixture SSM alone and the SSM in combination with theBYBLOS HMM system. Test setSystem Oct 89 Sep 92Baseline SSM 4.8 8.5T.M. SSM 3.6 7.3T.M. SSM + HMM 3.2 6.1we have consistently found better performance when all parameters of the models areupdated.Table 4.1 gives the performance on the RM Oct89 and Sept92 test set for thebaseline SSM, the tied-mixture SSM system, and the tied-mixture system combinedin N-best rescoring with the BBN BYBLOS HMM system. The mixture SSM's per-formance is comparable to results reported for many other systems on these sets. Wenote that it may be possible to improve SSM performance by incorporating seconddi�erence cepstral parameters as most HMM systems do.4.4.2 Untied and \Partially Tied" Mixture DensitiesAs mentioned in the introduction of this chapter, there are a number of possibilitiesfor the degree of tying with Gaussian mixtures. We explored some of these variantsfor frame-level density modeling in the SSM, although in somewhat less detail thanthe tied mixture experiments described above. We examined untied, or \continuous-density", mixture models in which each region of each phonetic model has its ownset of Gaussians and mixture weights. We also looked at two other approaches,



63phonetically-tied mixtures and covariance tying, that each lie somewhere betweenthe tied and untied models in terms of the degree of parameter sharing.The initialization procedure for untied mixtures used the second of the context-independent methods (the \non-k-means" approach) described before, in which acontext-independent mixture is obtained by choosing Gaussian components from acontext-dependent, non-mixture SSM. As in the tied case, context-dependent mix-tures were in turn initialized from a well-estimated context-independent mixturemodel. The covariance structure for the untied mixtures was assumed to be diag-onal to reduce the number of parameters in the model. In experiments, the numberof Gaussians in a mixture varied from 8 to 64. In general, context-independent modelswere able to use larger numbers of Gaussians to improve performance, while triphonemodels typically had insu�cient amounts of data to train the mixture parameters asthe number of Gaussians increased; we found an e�ective limit of about 32 Gaussiansper model for this case.For the context-independent condition, performance was signi�cantly better foruntied models than for tied, whereas for context-dependent models, tied mixtures weresomewhat better than untied. On the Feb89 test set, the best context-independentsystem performance was 5.7%, compared with a 7.3% error rate for the tied-mixtureSSM on this set. For context-dependent models, the best untied system used 32 diag-onal Gaussian components and a training threshold on the models of 50 occurrences(i.e., triphones that occurred fewer times than this were neither trained nor usedin recognition). The performance in this case was worse than the best tied-mixturesystem, with a combined error rate for both sexes of 3.7% compared with 3.3% forthe tied-mixture case. The di�erence between untied and tied-mixture performancewas somewhat closer for females on this set (2.8% versus 2.6% for untied versus tiedmixtures), than it was for males (4.3% versus 3.7% for untied and tied, respectively).As discussed earlier, it is also possible to use a more limited form of tying in



64Gaussian mixture models. We investigated phone-tied mixtures, in which all of thecontext-dependent models for a given phone shared the same set of Gaussians densi-ties, with just the mixture weights varying between models. The best con�gurationwith this approach was to use a 32 component, diagonal Gaussian mixture, as in theuntied model, but in this case a threshold of 1 occurrence on the context-dependentmodels was used in training (using a threshold of 50 results in 445 triphones beingselected for the male subset; a threshold of 1 results in about 7000). On the male sub-set of the Feb89 test, this approach led to an error rate of 4.2% { slightly better thanthe completely untied mixture model. Because of the reduced number of Gaussianprobabilities that must be computed at each frame, however, the overall computationfor this model is signi�cantly less than for untied models.A �nal method of parameter tying was investigated, this time letting context-dependent allophones of a phone share just the covariances, which were again assumedto be diagonal. In this case, both the means and the mixture weights had context-dependent values, but the covariance matrices were assumed to be common to allthe context-dependent allophones of each phone. On the male subset of the Feb89set, the error rate was reduced to 3.6%, essentially the same as that for the tiedmixture model on this set. Table 4.2 summarizes the context-dependent results formale speakers of the Feb89 test set under the various tying approaches discussed inthis chapter.For context-independent models, the di�erent versions of untied mixtures per-formed better than tied mixtures. The Gaussian components in a tied-mixture systemtend to be broader than in untied systems, since each Gaussian is trained with datafrom all of the phones. As a result, tied models may be \smoother" than necessaryfor the amount of training available in the context-independent case. Additionally,there were about 1.5 times as many free parameters in the best untied model as in thebest tied model. Although this di�erence is not great, it is possible that the untied



65Table 4.2: Word error rate on the Feb89 male speakers for di�erent tying ap-proaches with frame-level, diagonal-covariance, Gaussian mixture densities andcontext-dependent models. Mixture Type Word ErrorUntied 4.3%Phone-tied Gaussians 4.2%Phone-tied covariances 3.6%Tied Gaussians 3.7%models, by adding more detail, essentially capture some of the context-dependentphenomena in di�erent mixture components.The context-dependent untied model performs essentially the same as (for thecovariance-tied model) or slightly worse than (for completely untied models) the tied-mixture model. The latter result seems to contrast with results reported recentlyby other research sites in which untied-mixture models have been found to performbetter than tied. However, there are some di�erences that may account for thisanomaly. First, most of the tied mixture systems that have been reported so farmodel the cepstra and their derivatives as independent streams, while most untiedsystems model them in a single observation vector. Some of the bene�t others havenoticed going from tied to untied may be attributable to dropping the assumptionof independence in the observation streams. Our tied-mixture results use a singleobservation stream for all the features, with 300 full-covariance mixture componentsrepresenting this feature space, where most other sites use 200 or 256 Gaussians perobservation stream. Some other systems also use untied distributions, but apply themin modeling distributions of clustered states [82], thus ensuring a su�cient amount of



66data for training every distribution in the system. Finally, most recent results havebeen reported on the Wall Street Journal (WSJ) task, for which there is signi�cantlymore training data than there is for the RM task. It seems likely that as trainingdata increases, untied models, which generally have more free parameters than tiedsystems, will continue to improve as tied-mixtures systems reach an asymptote ofperformance. However, to limit the scope of our work we did not explore performanceon the WSJ task and conclude that there is no real performance advantage for untiedmixtures on the RM task.4.5 SummaryThis chapter described the use of frame-level mixtures in the SSM as well as severalinnovations in the mixture training algorithm, including the marginal distributionestimation for context-dependent models and a parallelized version of the trainingalgorithm. Experiments comparing performance for di�erent parameter allocationchoices using tied-mixtures were presented, and mixture models were shown to beuseful in improving the baseline recognition performance of the SSM under the as-sumption of conditional independence. The performance of the best tied-mixtureSSM is comparable to HMM systems that use similar input features. We also lookedat the questions of the degree of parameter sharing through di�erent types of tying.In general, when su�cient training data is available, we �nd improved performancefor models as more free parameters are introduced, assuming those parameters cap-ture relevant information. We conjecture that for the RM task with its somewhatlimited training data, when using the feature set of cepstra and derivatives, there islittle bene�t for the use of untied mixtures, which introduce substantially more freeparameters than tied mixtures have. In the next chapter, we generalize the notion ofmixture to a segment-mixture density that captures intra-segmental correlation via



67the modeling of independent time-frequency trajectories in separate segment-lengthmixture components.



Chapter 5Segmental Mixture ModelsIn this chapter, we present a segmental modeling approach based on the use of mix-tures of segment-length distributions. First, we brie
y provide background and reviewprevious work relevant to this model, then we present the model itself, followed bya discussion of the training algorithm. Finally, we present experimental results thatexamine various aspects of the model.5.1 BackgroundThe goal of segment modeling is to capture segmental properties of the phone thatare ignored by simpler models and that improve phonetic discriminability. Whenthe representation of a phone's observation is the sequence of frames spanning it, animportant aspect we wish to include in our formulation is the statistical correlationof frames across a phone. One possibility for capturing this \time correlation" in ourmodels is to explicitly model the statistical dependence between di�erent frames of aphone. This approach has the di�culty that the number of parameters to estimateincreases dramatically as our models incorporate the correlation e�ects across largerwindows of the phone, and measuring the correlation between all frames of a phone isinfeasible given realistic amounts of training data. On the other hand, modeling cor-68



69relation in a very restricted manner, by assuming the frames of a phone are generatedby a Gauss-Markov process, has been shown to give little performance improvement[11]. More recently, Digalakis introduced a successful model of correlation for contextindependent models with the dynamical system model [16], but this approach is quiteexpensive computationally.An alternative approach is to look at the correlation information implicitly presentin the \trajectory constraints" for a phone. To the extent that frames are correlatedacross time, the frame sequence constituting a phone's observation will have a pre-dictable energy trajectory across time and frequency. If we can model these trajecto-ries with su�cient accuracy, we will e�ectively model the correlation between framesas well, in the sense that we can predict a frame from the latter portion of a phonegiven the value of an earlier frame and the trajectory constraints.In the independent-frame SSM formulation described in the previous chapter,in which observations are conditionally independent given the model regions theywarp to, the observation trajectory across time is modeled by the assumption oftime-dependent stationary regions in combination with the constrained warping ofobservations to regions. The left-to-right nature of the model and the fact thatsuccessive model regions have distinct observation densities provide a constraint onthe permissible sequences of observations. In that formulation, the assumption ismade that each model has a single distinct time-frequency trajectory, correspondingto the single sequence of observation densities in the model's regions. In this way,all trajectories for a given phone will be grouped together and modeled in the singlesegment distribution given by the model's sole density sequence.However, if the phone we are modeling in fact exhibits more than one distincttrajectory, such a model may be inaccurate. To see this, we can imagine the e�ect ofmodeling a \multiple-trajectory" phone using one of the independent-frame modelsdiscussed earlier. For the baseline SSM that uses a single multivariate Gaussian at



70each region, the variances of the Gaussians would widen to accommodate the di�erentobserved trajectories, while for the Gaussian mixture model discussed in the previouschapter, there might be multiple modes in each region's density, each correspondingto the most likely observation for a di�erent trajectory in that region. In either casehowever, although the elements of the trajectories at each region may be modeledmore or less well by the di�erent frame densities, we will have lost any informationabout what observations go with each other across time. For instance, if a particularphone we are modeling actually has two distinct trajectories, the independent-framemodel would score true observations of the phone no higher than an arti�cial segmentconsisting of a sequence of frames that are each picked randomly from one of the trueinstances of the phone, no matter how incongruous the resulting trajectories mightbe. Essentially this model allows the elements from di�erent trajectory sequences tointermix without penalty.The model introduced in this chapter attempts to address this de�ciency by gen-eralizing the trajectory modeling capability of the basic independent-frame formu-lation. The approach taken is simply to permit multiple trajectories for a phone,where the individual trajectories are each modeled by a segment-length distribution.The overall distribution for a phone, in turn, becomes a mixture distribution of thesesegment-length components, and the mixture weights are estimates of the probabilityof observing a particular trajectory in a phone. With su�cient training, it is hopedthat the model avoids the \intermixing" of di�erent trajectory elements found in sim-pler models, and each component will represent a separate time-frequency path of thephone.The model described in this chapter has been preceded by earlier models withseveral important similarities. Digalakis introduced the microsegment model [16], ageneral formalism that allows modeling speech at multiple levels of resolution. Thismodel consists of abstract units that describe the speech process at di�erent resolu-



71tions, where the units have densities for the observations at their respective levels.A grammar describes the probabilities of particular unit sequences as well as theprobability of a unit at one level generating units at a lower level. A phone segmentthen consists of a sequence of microsegment units that model observations of durationgreater than a frame but less than the complete phonetic segment. As a special case,using a two level model and treating the grammar probabilities as mixture weights,the model can be interpreted as a segment model composed of a sequence of mix-tures at the microsegment level. Digalakis experimented with a two level version ofthe model and found encouraging results for phoneme classi�cation on the TIMITdatabase.Kannan extended work on the two-level microsegment mixture to include algo-rithms for context-dependent microsegments in continuous word recognition [36]. Heexamined the tradeo�s for using di�erent initialization procedures and for di�erentallocations of free parameters, in terms of microsegment length, number of mixturecomponents and trajectory assumptions. The results of using this model on the Re-source Management task indicated that the microsegment model improved context-independent performance signi�cantly, but failed to improve context-dependent re-sults, perhaps due to an inadequate number of free parameters in the model.The model introduced in this chapter is similar to the above models in that ituses mixtures of longer-than-frame distributions. It is di�erent, however, in that itfocuses on phone-length segmental mixtures rather than the sub-phonetic microseg-ment units. As described later, this chapter's model also generalizes the type ofdensity for the regions of a segmental component, allowing either single Gaussian ormixture Gaussian densities. Additionally, in experiments, we have chosen to estimateparameters for the model using the EM algorithm, as opposed to the Viterbi-styletraining used in the microsegment work. Other similarities and di�erences betweenthe models will be noted in the following sections.



72In the next section we give a more complete description of the segmental mixturemodel.5.2 Segmental Mixture FormalismAs stated above, our goal is to model the distinct trajectories of a phone using a mix-ture of segment-length distributions. More speci�cally, for the ith observed speechsegment, Yi, in the complete utterance Y , we model the probability of Yi given pho-netic unit �, as p(Yi j�) = NCXj=1 p(cj j�) p(Yijcj; �): (5:1)Here, Yi consists of the sequence of Li frames Yi = (Y 1i ; Y 2i ; : : : ; Y Lii ) spanning thehypothesized phone. For each of the NC mixture components, cj , p(Yijcj ; �) givesthe probability of the complete segment conditioned on that component, and theprobabilities p(cj j�) are the mixture weights. (More formally, we view the mix-ture component identity of segment i as a random variable, Ci, that takes on valuescj; j = 1; : : : ; NC, and we let p(cjj�) denote the probability that Ci takes value cj , i.e.,p(cj j�) := Pr(Ci = cjj�).) To compute p(Yijcj; �); we assume, as in the independent-frame model of Chapter 4, that frames are independent given the segment length.Expanding (5.1) in terms of frame-level probabilities, we then havep(Yi j�) = NCXj=1 p(cj j�) LYt=1 p(Y ti jcj; rt; �); (5:2)where rt is the model region that frame tmaps to, and p(Y ti jcj; rt; �) is the probabilityof frame t conditioned on that density. As before, the mapping of an observed frameto a stationary region of a segmental mixture component is computed using a deter-ministic linear warping, and we use the same warping for all segmental components.Initially, we assume that the region density for a frame is normally distributed:p(Y ti jcj; rt; �) � N(�jr;�jr): (5:3)



73From this basic model, we introduce two generalizations, one to allow more generaldistributions at the regions, the other to reduce the dimension of the densities we areestimating.In the previous chapter, performance was signi�cantly improved in the independent-frame case by changing the distribution for frames from Gaussian to mixture Gaus-sian. This same generalization may be useful for this model if the region-dependentframe distributions in the segmental components are poorly represented by a simpleGaussian. In this case, the resulting model has mixture distributions at two levels,the segment and frame level. Equation (5.2), in turn becomesp(Yi j�) = NCXj=1 p(cjj�) LYt=1 NDXk=1 p(Y ti jdk; cj; rt; �) p(dkjcj; rt; �):; (5:4)where the inner summation is the frame-level mixture, the components of which areassumed Gaussian, p(Y ti jdk; cj ; r; �) � N(�jkr;�jkr); k = 1; : : : ; ND: (Formally, weagain assume a random variable Dt for the identity of the mixture component atframe t, and denote the probability of it taking the value dk as p(dkjcj; rt; �) :=Pr(Dt = dkjCi = cj; rt; �):) This model allows both the independent-frame andprevious segmental mixture model as special cases, by setting either NC or ND to 1in (5.4), respectively. The ability of the model to tradeo� the number of segmentaland frame-level mixture components will allow us to compare experimentally thecontributions of these two parts of the model.The second type of modi�cation we investigated was concerned with reducing thedimension of the model's elements. Although our objective is to let the di�erentmixture components model complete segmental trajectories, in practice, each suchtrajectory represents a point in a very high-dimensional space, and it may be necessaryto reduce the dimension in order to train the models e�ectively. We have looked attwo ways to do this, corresponding to two di�erent independence assumptions thatcan be imposed.



74First, we can model the trajectories within smaller, subphonetic units, as in themicrosegment model described in [16, 36]. Taking this approach and assuming mi-crosegments are independent, the probability for a segment becomesp(Yi j�) =Yj Xk wjk p(Yij j�jk); (5:5)where �jk is the kth mixture component of microsegment j and Yij is the subsetof frames in Yi that map to microsegment j. The independent-frame mixture SSMdiscussed in Chapter 4 can be viewed as a special case of this model, in which werestrict each microsegment to have just one stationary region and a correspondingmixture distribution.A second way to reduce the parameter dimension is to continue to model thetrajectory across a complete segment, but assume independence between subsets ofthe features of a frame. This case can be expressed in the general form of (5.5) if wereinterpret the Yij as vectors that have the same number of frames as the completesegment, but for each frame, only a speci�c subset of the original features. We giveexperimental results comparing these methods of dimensionality reduction later inthe chapter.Another possibility to reduce the number of parameters is to parameterize thetrajectories, as suggested in work by Gish and Ng [26]. They have explored the useof least square estimates of linear and quadratic segmental trajectories of cepstralcoe�cients across phone segments. This trajectory modeling is embedded in a wordspotting system that �nds segments based on discontinuities in the speech signal,rather than using only phonetic segments, as in our approach. Within a segment,their approach di�ers from ours in that they estimate a smooth approximation ofthe trajectory, whereas our mixtures sample the trajectory with no smoothness con-straints. Additionally, their model assumes that the error of observed data from theestimated trajectory is Gaussian and independent and identically distributed at each



75frame, so that a single covariance matrix models the error statistics for all frames ofa segment. In contrast, the segmental mixture of this chapter assumes the deviationfrom the trajectory mean is time-varying and models it with a separate covariancematrix for each region of the segment, motivated by di�erences we have observed incovariance determinants as a function of the region of a phone (e.g. there is morevariation at the beginning and end of a phone than in the middle).5.3 TrainingIn this section, we describe the training algorithm for the segment-mixture model. Asdiscussed above, there are a number of variants of the proposed model, including the\two-level" mixture, the microsegment mixture and the independent feature-blockmodel. The speci�c algorithm presented here is for the segment-mixture model withGaussian mixture frame distributions. The modi�cations to the algorithm requiredwhen further independence assumptions are introduced, as in the case of microseg-ments or independent feature blocks, are straightforward. Essentially, the determin-istic warping and known segmentation that are present in the estimation phase oftraining allow us to decompose the estimation of the distributions of such indepen-dent units into separate mixture estimation problems. Similarly, training for simplerversions of the model, such as using a single Gaussian for the frame densities, or thespecial case of the independent-frame model of Chapter 4, (i.e., a segmental mixturewith just one mixture component), follow as special cases of the algorithm presented,as will be seen later.Parameter estimation for segment-level mixtures follows a similar approach tothe previous chapter's frame-level mixture training algorithm. As before, we use theiterative, two phase algorithm consisting of segmentation of the training databasefollowed by maximum-likelihood (ML) parameter estimation based on that segmen-



76tation, and the ML phase again uses the EM algorithm. As before, in the ML phase,the known segmentation of the database and the SSM's deterministic mapping ofobservations to model regions allows us to estimate the parameters for each of themixture distributions of the model independently. Accordingly, for simplicity we willdrop the explicit conditioning on phone � in the equations that follow.There are four sets of parameters to be estimated in training this model: theweights for components of the segmental mixtures, p(cj); the weights for the Gaus-sian mixtures of the segment's stationary regions, p(dkjcj; r), and the means andcovariances, �jkr;�jkr, of these Gaussians.In training, for each segmental mixture distribution we accumulate two sets ofcounts, one for the segmental components and one for the region-dependent framedensities of the segmental components. At iteration p of the EM algorithm, thesegmental count, �ij, gives the estimate of the probability of segmental componentcj given observation i (observation i is now the complete phonetic segment Yi =(Y 1i ; Y 2i ; : : : ; Y Lii )) : �ij = pp(cjjYi) = pp(Yijcj) pp(cj)pp(Yi) ; (5:6)where, once again, we use the superscript p to denote probabilities based on iterationp of the EM algorithm, and pp(Yi) =Xj pp(Yijcj) pp(cj): (5:7)The \frame-based" count, �ijkrt, gives the estimate of the probability p(dk jcj; rt; Y ti )that the kth component of the Gaussian mixture distribution is used at region rt, giventhat the segmental mixture component is cj and the observation is frame t of Yi :�ijkrt = pp(dkjcj ; rt; Y ti ) (5.8)= pp(Y ti jdk; rt; cj) pp(dkjcj; rt)pp(Y ti jcj; rt) : (5.9)



77The complete EM algorithm consists of iteratively computing these two types ofcounts for each observed segment in the training database and then re-estimating theparameters of the model using the formulas given below. The iteration is repeateduntil adequate convergence is observed.The update formula for the segment mixture component weight based on thedatabase counts is p̂ (cj) = Xi �ijXi Xj �ij : (5:10)The frame-based mixture weight for region r, Gaussian component k, segmentalcomponent j is: p̂ (dkjcj; rt) = Xi �ijXt(r) �ijkrtXi �ijXk Xt(r) �ijkrt ; (5:11)where t(r) represents the subset of frames in 1; : : : ; Li, that map to the region r underconsideration.The mean and covariance estimates are�̂jkr = Xi �ijXt(r) �ijkrt Y tiXi �ijXt(r) �ijkrt ; (5:12)and �̂jkr = Xi �ijXt(r) �ijkrt (Y ti � �̂jkr)(Y ti � �̂jkr)TXi �ijXt(r) �ijkrt : (5:13)The complete derivation of these equations is given in Appendix 5.A.In the implementation of this algorithm, we must compute the segment observa-tion probabilities, p(Yijcj). Since these are computed as a product of frame proba-bilities over all the frames of an observed segment, the resulting quantities can havea very wide dynamic range, yet because we use them in a mixture, we must be ableto add them. Using a 
oating point representation { even double precision 
oating



78point { quickly leads to problems of over
ow and under
ow in the algorithm. Toavoid these problems, we use a log representation of probabilities. We have used theparticular approach presented by Brown [11] that represents positive numbers overa very large dynamic range and allows for fast addition and multiplication of thesequantities.5.4 ExperimentsFor the experiments concerning this chapter's models, we used the speaker-independentResource Management database described in Chapter 3. Given the large number offree parameters in the segment-mixture model, it was desirable to have enough train-ing data to ensure robustness of the estimated models. For the Resource Managementdatabase, there are only half as many utterances for female speakers as there are formales, and for this reason, these experiments use just the male speakers.Context-Independent ModelsIn the �rst context-independent experiment, we addressed the questions of howthe model performed with varying numbers of segmental components and whetherfull covariance Gaussians were better than diagonal. Figure 5.1 shows the word errorrate on the Feb89 test set for context-independent segmental mixture models usingfull versus diagonal covariance matrix Gaussians. This model uses segmental mix-ture components with single multi-variate Gaussians at each region (as opposed toGaussian mixtures). The �gure shows performance as a function of the number ofsegmental mixture components, plotted on a log scale, and it can be seen that per-formance improves as the number of components increases. We have plotted the fullcovariance performance only up to 32 components. In fact, with just 4 components,the full covariance estimates become singular, and the points in the plot for 8 com-
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diag cov segmental mix 33 3 3 3 3 3 3full cov segmental mix ++ + + + + +Figure 5.1: Word error for segmental mixtures as a function of the number of com-ponents, shown for full versus diagonal covariance models.ponents and above actually use covariances that are tied within a model in order tomake their estimates robust. This phenomenon is not too surprising given the muchlarger number of free parameters in the full covariance models: each full covariancematrix for a 30 dimensional vector has 465 free parameters that must be estimatedcompared with a diagonal matrix that has just 30. Although tying the full covari-ance matrices results in non-singular estimates, the computation using full covariancematrices in all cases is signi�cantly larger than for diagonal models. Since we wereable to match or exceed full covariance performance by using diagonal models withmore mixture components, and to do so with less computation, we abandoned the useof full covariance models { all subsequent experiments used only diagonal covarianceGaussians.Figure 5.2 gives the performance of context-independent segmental mixtures withthree-region segments versus eight-region segments, plotted for varying numbers of
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Figure 5.2: Word error rates for 3-region versus 8-region segmental mixture modelssegment-level mixture components. As before, the frame densities for each region ofa mixture component are single Gaussian. We can see that the three-region modelhas converged when there are eight segmental mixture components in the model,while the eight-region model continues to improve up to 64 mixture components.This may be due to the fact that the 8-region model, with more resolution acrosstime, is better able to capture di�erences in segment trajectories that are necessarily\blurred" together in the 3-region model.Figure 5.3 gives the performance of context-independent segmental mixtures whensingle Gaussians are replaced by Gaussian mixtures for the frame densities of the seg-mental mixture components. In this case, we kept the number of segmental mixtures�xed at 16 and increased the number of Gaussian mixtures from 1 to 16. The plotshows a substantial improvement for combining the two types of mixtures. The per-formance of the best case is better than both independent-frame versions of the SSMdiscussed previously, i.e., the baseline single Gaussian model and the non-segmental
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3 3 3 3 3Figure 5.3: Performance of 16-component segmental mixture model with di�erentnumbers of Gaussian mixtures per model region.Gaussian mixture model.Context-Dependent ModelsIn initial experiments with context-dependent models, we attempted to use similarnumbers of mixture components as in the context-independent case. However, thisled to very poor performance in comparison with the best independent-frame modelsdescribed in the previous chapter. One obvious problem in this case is simply thelarge number of free parameters that must be trained, i.e., with the same number ofparameters per model, but many more context-dependent models, there is much lesstraining per parameter. Accordingly we attempted to limit the number of parametersby reducing both the number of segmental components and the number of regionsper segmental component.We �rst looked at using segmental mixture models with the assumption that the
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Figure 5.4: Performance of context-dependent segmental mixture model with a singleGaussian distribution per model region as a function of the number of segmentalcomponents.density at each region of the model was a single, non-mixture Gaussian. Figure 5.4shows the performance for the Feb89 male speakers as a function of the number ofsegmental components. To reduce the free parameters in the model, in addition tolimiting the number of segmental components, the number of regions per segmentalcomponent was set to �ve as opposed to the eight region model used in most ofthe context independent experiments. Here we see that performance improves asthe number of segmental components increases, but the rate of increase is small andseems nearly level at eight components. Furthermore, the performance of the best ofthese models is substantially worse than that of the best independent-frame Gaussianmixture models (e.g. 4.3% word error rate for the untied independent-frame model,or, 3.6% for the best case, covariance-tied model).Although the results displayed for eight components are not especially good, they



83are actually optimistic in that this model was tested several times to �nd conditionsthat avoided very poor performance. In particular, when run with no modi�cations,the mixture training algorithm quickly converged to parameters near the initial es-timate that gave poor performance on the independent test set. Simply paddingthe mixture weights proved inadequate to prevent this rapid convergence, since themixture weights are of much smaller dynamic range than the mixture density val-ues, and the weights consequently play only a minor role in determining the updatedparameter values in training.When the estimates converge too quickly, as in this case, it is because the variancesbecome narrow enough that training samples that are not near the current estimateof a mixture mean have virtually no e�ect on the next training iteration's estimate ofthat mean. Therefore, to delay convergence, we forced the variances to remain widefor the �rst few training iterations. Speci�cally, for the results shown in the �gurefor eight components, we multiplied the estimated covariances from the �rst twoiterations by 1.4 and 1.2, respectively, and held the covariance estimates �xed afterthe 2nd iteration. The unimpressive performance despite these measures indicatesthe di�culty of robustly estimating models in such a high dimensional space.Another contributor to the poor performance in this model is the assumptionthat the region densities within a segmental component are single Gaussians In thenext set of experiments, we used a segmental mixture model with a small number ofsegmental components to try to control the number of free parameters, but insteadof a single Gaussian at each region, we used mixture Gaussians. Figure 5.5 showsthe word error rate on the Feb89 male speakers for models using two segmentalcomponents with the number of Gaussians in the region mixtures varying from oneto eight. As in the previous experiment, we again used �ve regions per segmentalcomponent and the variance estimates were prevented from becoming too narrow. Inthe best case, for region mixture densities with four Gaussians, performance is nearly
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Figure 5.5: Performance of context-dependent segmental mixture model with twosegmental components per model region as a function of the number of Gaussianmixture components per model region.the same as for the phone-tied, independent-frame, mixture SSM, indicated in the�gure by the dashed line at 4.2% word error, though it is still substantially worsethan the covariance-tied independent-frame result of 3.6% error. For eight mixturesper region, performance degrades despite an increase in the training likelihood. Thisdrop is again evidence of an overtuning e�ect when there are too many parametersto estimate robustly.It is interesting to note that the di�culties in obtaining good estimates with thismodel are not caused solely by the raw number of free parameters. In fact, both of thesegmental mixture models discussed above actually have fewer parameters than dothe independent-frame models of the previous chapter. Although the experiments weran are not completely de�nitive on this, the explanation for this phenomenon is mostprobably related to the modeling of trajectories by separate mixture components and



85the resulting split of training data for common acoustic regions.In particular, linguistic analysis of the acoustic properties of phones indicates thatthere is often a \target" in the acoustic space of a phone that is typically reached (orat least approached most closely) near the center of a phonetic segment. The edgesof the segment diverge from the target due to coarticulatory e�ects with neighboringphones, and the acoustic trajectories discussed earlier can be described in terms ofthe movement towards and away from such targets. To the extent that the segmentalmixture is successful in modeling these trajectories, however, a new problem arises.In this case the training for the common target region is no longer shared acrossthe separate segmental mixtures, possibly resulting in a poor model of this part ofthe phone. This phenomenon would be particularly bad for the context-dependentcase where there is less training data per model, in general. In contrast, modelsthat assume complete independence of frames will pool the data from every trainingsample to estimate parameters of every region of the model. Thus, the segmentalcomponents of the segmental mixture model make it more discriminating by requiringthat all frames of a trajectory match the model well, but the price for this accuracyis di�culty modeling the regions of a phone that are less variable in the context-dependent case.There are two obvious approaches to solving this problem. The �rst is to intro-duce a parameter sharing mechanism, such that regions of the model correspondingto target regions of the phone share training data. The second is simply to use moretraining data. For example, the Wall Street Journal database, which has been col-lected relatively recently, has signi�cantly more training than Resource Management.Due to time limitations, we were unable to investigate these possible solutions in thiswork, though we expect it to be a fruitful area for future research.



865.A EM Algorithm for Segmental MixturesIn this appendix, we derive the re-estimation formulae for segmental mixtures. Al-though no tying is assumed here, in practice, there may be situations where parametertying is advantageous. In this case, the derivation given below is changed only slightly,essentially summing together counts of tied parameters.The EM algorithm [15] requires that we iteratively update parameter estimatesbased on maximizing the expected value of the complete data conditioned on theobserved data and the model in the current iteration. For mixture distributions, thecomplete data, X, consists of the observed features, Y , combined with the unobservedidentity of the \underlying" mixture component that generated Y . In our case, Y isa sequence of segment observations, Yi; and each of these in turn is a variable-lengthsequence Yi = Y 1i ; : : : ; Y Lii , where each frame in the segment, Y ti ; consists of a q-dimensional feature vector. For the segmental mixturemodel under consideration, theunobserved component consists of the identity of the segmental mixture component,Ci, and a vector of frame-level mixture component identities, �Di = (D1; : : : ;DLi).�Di speci�es for each frame of the observed segment, a particular Gaussian from themixture distribution of the region that frame is mapped to. The complete data for asingle segment is thus the vector Xi = (Yi; Ci; �Di):Let � denote the parameters of the model and �(p) the estimate of � from theprevious iteration of the EM algorithm. Then at each iteration of the algorithm, theexpected value that we seek to maximize isl(�) = EXflog p (Xj�) jY;�(p)g (5:14)Assuming independence of the observed segments, Yi, and the corresponding complete



87data elements, Xi, l(�) = Xi EXiflog p (Xij�) j Yi;�(p)g (5.15)= Xi EXiflog p (Yi; Ci; �Dij�) j Yi;�(p)g (5.16)If we drop the explicit conditioning on �, and use the assumed independence ofregions within the segment, the probability p (Yi; Ci; �Dij�) can be written asp(Yi; C; �Dij�) = p(Yi; Ci; �Di)= p (Ci) LiYt=1 p (DtjCi; rt) p (Y ti jDt; Ci; rt): (5.17)In (5.17) we have explicitly conditioned on the region rt that frame t is mapped toby the model's deterministic warping. Using the above, we write l(�) asl(�) = Xi Eflog p (Ci) j Yi;�(p)g (5.18)+Xi Ef LiXt=1 log p (DtjCi; rt) j Yi;�(p)g+Xi Ef LiXt=1 log p (YijDt; Ci; rt) j Yi;�(p)g;We can expand each of the three summations in (5.18) separately, approximating theexpected values using probability estimates from the current model, �(p), and intro-ducing Lagrange multipliers to ensure normalization of the estimated distributions.In the sequel, for random variables Ci and Dt, we use lowercase to denote the eventthat a random variable takes on a particular value, e.g., p(cj jYi) := Pr(Ci = cjjYi)and p(dkjcj; r; Yi) := Pr(Dt = dkjCi = cj ; r; Yi); and we use superscript p to denoteprobabilities based on model �(p), e.g., p(p) (cj jYi) = p (cj jYi;�(p)). With this, the�rst summation in (5.18) becomesXi Eflog p (Ci) j Yi;�(p)g = Xi Xj p(p) (cjjYi) log p (cj)= Xi Xj �ij log p (cj)� � [ p(cj) � 1] (5.19)



88where �ij is as de�ned in (5.6), and we have introduced the Lagrange multiplier �.In the equations that follow, we decompose summations that range over the framesin the ith segment, t = 1; : : : ; Li, into two summations, the �rst over the regions ofthe model, r = 1; : : : ; NR, and the second over the set t(r), de�ned to be the set offrames that map to region r in the segment, i.e., t(r) = ft : rt = rg. With this, weexpand the second summation of (5.18) asXi LiXt=1Eflog p (DtjCi; rt) j Yi;�(p)g (5.20)= Xi NRXr=1Xt(r)Eflog p (DtjCi; r) j Yi;�(p)g= Xi NRXr=1Xt(r)Xj Xk p(p) (dk; cjjr; Yi) log p (dkjcj; r)= Xi Xj p(p) (cjjYi)Xk NRXr=1Xt(r) p(p) (dkjcj; r; Y ti ) log p (dkjcj ; r)= Xi Xj �ijXk NRXr=1Xt(r) �ijkrt log p (dk jcj; r)� Xj NRXr=1 �jr [Xk p (dkjcj ; r) � 1];where �ijkrt is as de�ned in (5.9), and in the last line we have introduced the Lagrangemultipliers �jr.Similarly, the third summation in (5.18) can be writtenXi Ef LiXt=1 log p (YijDt; Ci; rt) j Yi;�(p)g= Xi Xj p(p) (cjjYi)Xk NRXr=1Xt(r) p(p) (dkjcj; r; Yi) log p (Y ti jcj; k; r)= Xi Xj �ijXk NRXr=1Xt(r) �ijkrt log p (Y ti jcj; k; r): (5.21)Recombining the expanded elements of l(�), we havel(�) = Xi Xj �ij log p (cj) (5.22)



89+Xi Xj �ijXk NRXr=1Xt(r) �ijkrt log p (dk jcj; r)+Xi Xj �ijXk NRXr=1Xt(r) �ijkrt log p (Y ti jcj; k; r)�� [ p(cj) � 1]� Xj NRXr=1 �jr [Xk p (dkjcj; r) � 1]:In order to choose parameters that maximize (5.22), we set its derivatives with re-spect to those parameters to zero and solve the resulting equations. For the segmentalmixture weights we have @ l(�)@ p̂(cj) = Xi �ijp̂(cj) � � = 0: (5.23)Rearranging yields p̂ (cj) = Pi �ij� (5:24)and applying the normalization constraint Pj p(cj) = 1 to solve for �, we obtainp̂ (cj) = Xi �ijXi Xj �ij : (5:25)Similarly, for the Gaussian mixture weights of the segments' region-dependentdistributions, @ l(�)@ p̂(dkjcj; r) = Xi �ijXt(r) �ijkrtp(dkjcj ; r) � �j = 0: (5.26)Rearranging and using the constraint Pk p(dkjcj; r) = 1 to solve for �j we �nd,p̂ (dkjcj; r) = 1�j [Xi �ijXt(r) �ijkrt ] (5.27)= Xi �ijXt(r) �ijkrtXi �ijXk Xt(r) �ijkrt : (5.28)



90We are assuming p(Y tjcj ; k; r) � N(�jkr;�jkr); i.e., components of the mixturedistributions for each region have a q-dimensional Gaussian distribution with mean�jkr and covariance matrix �jkr: In this case, the conditional log probability of frameY ti ; used in equation (5.22), is expressed aslog p(Y ti jcj; k; r) = log " 1(2�)q=2j�jkrj1=2 � exp ��12(Y ti � �jkr)T ��1jkr(Y ti � �jkr)�# :In the following, we use partial derivatives of vectors and matrices and use the notation@@u (or @@A) to mean the vector (or matrix) whose respective elements are partialderivatives, @@ui (or @@Aij ). Using the identity@@u uTAu = 2Auwe �nd @l(�)@�̂jkr = Xi �ijXt(r) �ijkrt��1jkr(Y ti � �̂jkr) = 0; (5:29)where 0 is a q-dimensional zero vector. Note that the covariance matrix �jkr isnecessarily non-singular, and can thus be eliminated from (5.29). Solving for �̂jkrproduces �̂jkr = Xi �ijXt(r) �ijkrt Y tiXi �ijXt(r) �ijkrt : (5:30)To solve for the covariance matrix estimate, we make use of the equalities@@A log jAj = A�1 (5:31)and @@A uTAu = uuT : (5:32)Di�erentiation of l with respect to ��1jkr then yields@l(�)@�̂�1jkr = Xi �ijXt(r) �ijkrt [ �̂jkr � (Y ti � �̂jkr)(Y ti � �̂jkr)T ] = 0; (5:33)



91where 0 is a q � q matrix of zeroes. Rearranging this we obtain�̂jkr = Xi �ijXt(r) �ijkrt (Y ti � �̂jkr)(Y ti � �̂jkr)TXi �ijXt(r) �ijkrt : (5:34)



Chapter 6The Classi�cation-in-RecognitionFrameworkIn this chapter, we discuss a segmental approach to recognition based on the use ofclassi�cation probabilities. We �rst present background on the topic, followed by theformulation of the model for context-independent recognition. The issues that arise incontext-dependent modeling using classi�cation probabilities are more complex thanin more typical recognition approaches, and we discuss these in the third section of thechapter. We then present experiments evaluating the model followed by a discussionof some unresolved issues concerning this approach.6.1 Background6.1.1 Motivation and OverviewIn this chapter we consider a segment modeling approach based on the use of poste-rior probabilities of phonetic labels conditioned on observed segments. Recalling thediscussion in Chapter 2, the general criterion for statistical speech recognition meth-ods is to choose the label sequence that maximizes the joint probability of labels, A,92



93observed speech, Y , and segmentation, S, i.e., choose labels A� such thatA� = argmaxA maxS p(A;Y; S): (6:1)In the more typical statistical approach, including the methods presented in Chap-ters 4 and 5, this joint probability is estimated as in (2.10), as a product of theconditional probability of observations given label sequence multiplied by a languagemodel score. In this chapter we consider the alternative decomposition of the jointprobability, A� = argmaxA maxS p(AjY; S) p(S; Y ): (6:2)Here, the joint probability is written as the product of a \classi�cation score" { theprobability of label sequence conditioned on the observation and segmentation { and a\segmentation score" { the probability of observation and segmentation. We will referto this general approach as classi�cation in recognition (CIR). Since the probabilityof observation sequence, p(Y ), does not a�ect the maximization over A and S, wecan alternatively maximize the probability of phones and segmentation conditionedon observations, i.e., an equivalent expression for (6.2) isA� = argmaxA maxS p(AjY; S) p(S j Y ): (6:3)Accordingly, we will refer to both p(S j Y ) and p(S; Y ) as segmentation scores.To be able to use this model in practice, assumptions must be introduced to theabove general equations for the formalism. As developed later in the chapter, thereare several di�erent possibilities in this regard, but in each case the assumptions wemake will lead to an expression of the label sequence posterior probability, p(AjY; S),as a product of segment posterior probabilities. For example, under the simple contextindependent assumptions of Section 6.2, we will write this probability as a product ofindividual phone classi�cations, each of which is conditioned only on its hypothesized



94segmentation, si, and the corresponding speech segment, Yi, i.e.,p(AjY; S) = NYi=1 p(aijYi; si): (6:4)We will provide a more detailed derivation of this case and context-dependent casesof the model in later sections of the chapter.There are several potential bene�ts for using posterior probabilities in acousticmodeling. First, there are a number of classi�ers with interesting properties thatnaturally produce such probabilities. Two examples that have received considerablerecent attention are classi�cation and regression trees [10] and multi-layer perceptron(MLP) neural networks (e.g., [71]). Since these classi�ers do not normally produceestimates of the conditional densities typically used in recognition, one method forexploring their potential is to reformulate our acoustic modeling approach to useposterior distributions instead.In addition to allowing the use of speci�c classi�cation techniques, posterior dis-tributions may have generally useful properties for modeling the statistics of completesegments. One potential bene�t may be their ability to condition on functions of theobserved speech segment, rather than on the complete segment itself, i.e., we may beable to assume that p(ai j Yi; si) = p(ai j f(Yi); si); (6:5)where f(Yi) is some representation of Yi that retains the essential information aboutthe phone's acoustic properties, but may have some other desired characteristics aswell.Representations of the segment that may be of interest in this regard include lin-guistically motivated features, reduced dimensional representations, as well as �xed-length representations. In general, reduced dimensional representations, if they donot remove important information, help alleviate the problems of parameter estima-tion when less training data than desired is available. This inadequacy of available



95training is always a problem in large vocabulary recognition, but particularly so forsegment models where we would like to estimate distributions for complete segments,rather than individual frames.The speci�c class of �xed-length representations has similar desirable properties.These representations are typically a transformation of the segment to reduce itsdimension, with the distinction that all observed segments are transformed to a spaceof the same dimension. There are two related advantages to this approach. First,some of the classi�ers mentioned earlier, including MLPs and classi�cation trees,generally require their input to be of �xed length. In order to classify a completesegment with these classi�ers, the segment observation must �rst be transformed tosome �xed-length representation. The second, more general advantage is that we caneasily formulate a statistical model to conform to a �xed dimensional feature set. Inthis case, when training, every instance of a particular phone can be used to estimatea single model, regardless of the observed token length, i.e., we do not need to try toestimate a separate model for every possible observed length or address the problemof a hidden trajectory.Although we have so far focused on the potentially useful properties of posteriorprobabilities, it should be noted that the segmentation score component is also criticalto making this approach work. In particular, when speech is recognized, the scoresfor many di�erent possible phone sequences are compared. If we were to use justthe posterior probabilities, p(A j Y; S); to compare these sequences, the probabilitieswould vary roughly in proportion to the number of phones in each. In order tomake sequences comparable, the scores must be normalized, and we can think of thesegmentation score as serving this purpose.The ultimate goal of the CIR approach is to improve recognition performancethrough the inclusion of segmental information. However, because this area is muchnewer than the more usual conditional approach, there are a number of outstanding



96issues that must be resolved before it can be applied successfully. In particular,less attention has been paid in the past to the careful derivation of the criterion forposterior-based recognition in the context-dependent case. For this reason, much ofthe theoretical and experimental work in this chapter focuses on the development of aframework using posterior distributions that is probabilistically well-de�ned and thatallows the use of context-dependent phonetic models.Before proceeding to a more detailed description of our model, we �rst present areview of work by others in this area.6.1.2 Related WorkInterest in using posterior probabilities for speech recognition has recently increasedgreatly, in large part due to the increased attention paid to MLP neural networks.Since these networks can be trained to approximate classi�cation probabilities ofa label given input, it is not surprising that they have been applied in statisticalapproaches to speech recognition. Some researchers have used MLPs to estimate theoutput probabilities of HMMs and in the process looked at the more general questionof normalizing posterior probabilities for use in a conditional distribution setting(e.g., [49]). There have also been two recent models proposed, the BBN segmentalneural network (SNN) [1, 83] and the NYNEX/MIT stochastic explicit segment model(SESM) [46, 47], that attempt to use segmental measures directly in neural networks.These methods have a number of similarities to the model presented in this chapter.We brie
y describe them next.The SNN is one example of a model that retains segmental classi�cation propertiesfor use in the recognition problem. In this approach, an N -best algorithm is usedin which an HMM computes the top N scoring hypotheses in the same manner asdescribed earlier, and the SNN rescores these hypotheses. For each phoneme in the



97hypothesized sequence, the corresponding segment of speech is scored by a neuralnetwork trained to respond to instances of the phoneme with a \1" output. The MLPneural networks used in this work are trained with variants of the back propagationalgorithm [71]. As noted by several authors [25, 9, 54, 59], neural networks trainedwith a mean square error criterion, as in back propagation, will approximate theposterior class probabilities of the targets for which they are trained. In the originalSNN, the score for the complete hypothesis is the sum of the logarithms of the segmentscores, and using the above approximation, this score can be interpreted aslog p(A j Y; S) =Xi log p(ai j f(Yi); si):In this formulation the phonemes are assumed to be conditionally independent. Com-paring this to (6.2), it can be seen that there is no explicit term for the probabilityof segmentation, p(Y; S): This version of the SNN assumes that the HMM will haveeliminated very poor segmentations from consideration, so the joint probability of thesegmentation and observation used in rescoring is implicitly assumed to be uniformover the N hypotheses. In more recent formulations of the SNN, an explicit normal-ization has been introduced that serves the normalization purpose. We will describethis further when we return to the question of normalization in context-dependentmodels.Another neural network approach that incorporates segmental features is the workon the SESM at NYNEX and MIT, which builds on Leung's earlier studies of MLPsand their properties for phonetic classi�cation [45]. In the SESM, the MLPs used forclassi�cation may be trained to classify phonemes using a variety of inputs, includingcepstral coe�cients or linguistically motivated acoustic-phonetic features. In eachcase, the input to the MLPs are vectors of �xed dimension.In the SESM, the recognition problem is explicitly decomposed into �nding theprobability of classi�cation times the segmentation probability. Using the property



98that MLPs will converge to approximations of the posterior distribution, the posteriorprobability of the jth phoneme of the sequence given the jth segment of the observa-tion sequence, p(aj j sj; Yj), is estimated by an MLP. To compute the probability ofsegmentation, p(sj j Yj), the system uses a di�erent specially trained MLP. At eachframe, this MLP attempts to compute the probability of a segment boundary giventhe input observations and the possible broad phonetic classes on either side of thehypothesized boundary. The segmentation probability, p(sj j Yj), is then assumed tobe the product of probabilities of no boundaries at any internal frame of the segment,times the probability of a boundary at the left and right end frames of the segment.Another area of recent research that has relevance to the model described in thischapter, though in a less direct manner, is the e�ort to use MLPs directly in HMM's.One form this has taken is to estimate the class conditional observation densities ofan HMM, using posterior probabilities produced by an MLP that are normalized byclass prior probabilities [9, 8]. In recent work [8], the correlation within a segmentis modeled using a window of several frames around the current frame as input tothe MLP. The repeated use of the same frame of input implicit in an approach usingoverlapping windows violates the HMM assumption of conditional independence ofobservations given state sequence, though in practice it may be useful. Althoughthe model we describe in this chapter takes a quite di�erent approach than this, bothmethods must contend with the issue of using posterior probabilities where conditionalprobabilities are typically used. The normalization used in the HMM/MLP approachis similar to the normalization used in recent BBN SNN triphone work, and is, ingeneral, a useful reference point for methods that are based on posterior probabilities.In addition to the above work concerning posterior distributions, the recent workof Goldenthal and Glass [27] has addressed another issue important to the modeldescribed in this chapter, namely the problem of capturing the correlation of com-plete segments using a �xed-dimensional model. Their method classi�es vowels by



99measuring the error from an instance of a vowel to its hypothesized trajectory modeland modeling the error using a full-covariance Gaussian that includes the correlationacross the length of the segment. They use a �xed-length feature representation inorder to simplify the model, but they do not normalize for dimensionality di�erencesamong di�erent segmentations.6.2 Context-Independent CIR FormulationAs stated earlier, in the CIR approach, we compute the joint probability of phones,observation, and segmentation, p(A;Y; S), as the product of a classi�cation score,p(A j Y; S), and a segmentation score, p(S; Y ). Although there are a wide varietyof possible formulations for the two components, the central focus of this chapterwill be on the development of models to investigate the general characteristics ofposterior-based recognition, and to directly compare their performance with moretraditional conditional models, like the independent-frame SSM. Toward this end,the models we describe next do not fully exploit the segmental modeling capabilitiesof the CIR approach, but instead are designed to minimize non-essential di�erencesfrom independent-frame models, so that we may better understand the e�ects dueto the methods' di�ering assumptions. Results of experiments comparing the modelswill be given later in the chapter.6.2.1 Classi�cation componentTo obtain the context-independent classi�cation probability, we �rst assume that thephones in the sequence A are independent given the observations and segmentation:p(A j Y; S) = NYi=1 p(ai j Y; S): (6:6)The segmentation S was de�ned earlier to be the sequence S = s1; : : : ; sN , where



100component si represents the begin and end time of speech segment i. S can equiva-lently be de�ned as the sequence of segment durations, S = �1; : : : ; �N , where �i = jsijis the duration of segment i. This formulation is more convenient mathematically andwe will therefore use it in the sequel.With this change, we further simplify equation (6.6) by assuming that the pos-terior probabilities for individual phones depend only on our representation of thecorresponding speech segment, f(Yi); and the segment's duration, �i. This leads tothe following expression for the context-independent classi�cation probability:p(A j Y; S) = NYi=1 p(ai j f(Yi); �i): (6:7)As mentioned before, posterior phone probabilities can be estimated using a num-ber of techniques, including MLPs and classi�cation trees. However, in order tocompare the general characteristics of the CIR framework with that of earlier mod-els, we estimated the posterior probabilities in the CIR approach using a modi�edversion of the SSM.In this approach, we chose to represent a speech segment as a �xed-length se-quence of frames obtained by linearly time sampling the frames present in the originalsegment. Sampling to a �xed dimensional sequence in this way preserves the basicframe-based format common to earlier SSM models while allowing the possibilityof modeling segmental characteristics with alternative classi�cation techniques thatuse �xed dimensional inputs. With this representation, it is a simple change to theindependent-frame SSM to compute p(f(Yi) j �i; ai) instead of the usual p(Yi j �i; ai):rather than taking the product of probabilities of all frames observed in a segment,we use only those chosen by the deterministic sampling. We can then apply Bayes'rule to obtain the desired posterior probabilities from the SSM density estimates:p(ai j f(Yi); �i) = p(f(Yi) j ai; �i) p(ai; �i)Pai p(f(Yi) j ai; �i) p(ai; �i) : (6:8)



101For this work, we used the simplest formulation of the independent-frame SSM, inwhich the density for each frame of the model is assumed to be a single multivariateGaussian. As in earlier models, we can compute p(ai; �i) as a product of durationprobability and phone prior: p(ai; �i) = p(�ijai) p(ai): (6:9)The use of Bayes' rule in (6.8) is certainly not the most e�cient method for com-puting posterior probabilities, nor does it take advantage of some of the potentiallyinteresting features of classi�ers such as neural networks or classi�cation trees. How-ever, for our initial exploration of the CIR approach, it allows the direct comparison ofresults using this method with those from independent-frame models based on similarunderlying density estimates and assumptions. Additionally, it allows the straight-forward use of a number of powerful frame-based distributions, such as Digalakis'dynamical system model [16] or the mixture density models described earlier. A re-lated approach that is possible with classi�cation probabilities is to use �xed-lengthsegmental mixtures. Unlike the segmental mixtures of Chapter 5, these could captureboth segmental trajectories and explicit inter-frame correlation (for example, by us-ing a full covariance model that captures correlation across complete segment-lengthobservations). Although such a model would introduce many more free parametersto estimate, it might be possible to use subsets of the features for dimensionalityreduction and still capture segmental e�ects.6.2.2 Segmentation ComponentAs noted earlier, in some other research systems that use classi�cation probabilities,an explicit segmentation score is not always included. These systems depend on a �rstpass component of the system to give the classi�er only \reasonable" segmentationsof the input, and the lack of any explicit segmentation score is equivalent to the



102assumption of a uniform probability distribution over the segmentations. In contrast,the model we have explored explicitly includes a segmentation probability in orderto normalize the classi�cation component in a probabilistically well-de�ned manner.There are a number of possible ways to estimate this probability.For the context-independent case, we assume that the individual phone durationsthat de�ne the segmentation are independent,p(S) =Yi p(�i); (6:10)and that the speech segments, Yi are conditionally independent given their durations,p(Y jS) =Yi p(Yi j �i): (6:11)Combining these assumptions, the segmentation probability is writtenp(S; Y ) =Yi p(Yi; �i):A simple approach to computing the ith segment probability is to use the SSM to�nd marginal probabilities,p(Yi; �i) = Xc2
 p(Yi; �i; c) (6.12)= Xc2
 p(Yij �i; c) p(�i jc) p(c): (6.13)The summation is over all the elements of a label set, 
; for which (6.12) is wellde�ned. In general, 
 can be any set that de�nes a valid mixture probability forp(Yi; �i); for instance, a set of broad phonetic classes, the set of all phonemes, or a setof clustered context-dependent units. In the experiments described in a later section,we take 
 to be simply the set of phonemes.A second method we investigated for computing the segmentation probability,similar to that presented in [46], is to �nd the posterior probability p(S j Y ) using



103distributions that model the presence or absence of a segment boundary at each framebased on local features. In this approach, the segmentation probability is written asp(S j Y ) =Yi p(si j Yi) (6:14)and the probability of an individual segment of length L isp(si j Yi) = p(bL j Yi) L�1Yj=1 p(bj j Yi); (6:15)where bL is the event that there is a boundary after frame L and bj is the eventthat there is not a boundary after the jth frame of the segment. In estimating theframe boundary probabilities, we assume that the probability of a boundary at framej depends only on frames near the boundary, yj and yj+1, not the complete segment.We can then estimate the frame boundary probabilities using Bayes' rule asp(bj j Yi) = p(bj j yj; yj+1) (6.16)= p(yj; yj+1; bj)p(yj ; yj+1) (6.17)= p(yj ; yj+1 j bj) p(bj)p(yj; yj+1 j bj) p(bj) + p(yj; yj+1 j bj) p(bj) : (6.18)Dividing numerator and denominator by p(yj; yj+1 j bj)p(bj) we havep(bj j Yi) = 11 + Lwhere L is the ratio L = p(yj; yj+1 j bj)p(bj)p(yj; yj+1 j bj)p(bj) :In this, p(bj) and p(bj) are just the prior probabilities of observing a boundary or noboundary at a frame. The conditional probability of observation given no boundaryis computed as p(yj ; yj+1 j bj) =X� p(yj; yj+1j�) p(�) (6:19)



104where � ranges over �ve manner-of-articulation phoneme classes (stops, nasals, frica-tives and a�ricates, liquids and glides, and vowels) and the separate class, silence.The probability p(yj ; yj+1j�) is computed assuming a Gaussian density over the sin-gle vector composed of the concatenated cepstral coe�cients from the two frames,and the density is estimated from the set of non-boundary events in the trainingdata. Similarly, the probability of observation given boundary is estimated asp(yj ; yj+1 j bj) =X�1 X�2 p(yj; yj+1 j�1; �2) p(�1; �2); (6:20)where p(yj ; yj+1 j�1; �2) is estimated from occurrences of boundaries between classes�1 and �2 in the training data.The two segmentation models presented above each have di�erent advantages.The �rst method, based on marginal distributions, makes use of the complete set ofSSM phone models in determining likely boundaries for each segment and hence mayhave a more complete model of the speech process. On the other hand, the secondapproach uses models explicitly trained to di�erentiate between boundary and non-boundary acoustic events and it makes explicit use of information outside the currentsegment observation in determining the likelihood of a boundary. When we comparethese two models experimentally, it should be noted that the explicit boundary modelhas far fewer free parameters than the marginal model (about a factor of 10), andthis may a�ect performance too.If we combine the marginal segmentation approach, as given in (6.13), with theclassi�cation probability of (6.8), we getA� = argmaxA maxS Yi p(f(Yi) j ai; �i)p(ai; �i)p(f(Yi); �i) p(Yi; �i) (6:21)It is clear that with the simplifying assumptions we have made and using the SSMmodel with Bayes' rule, the CIR model of this section is similar to the conditionaldensity, context-independent SSM. In particular, if the function f(Yi) represents the



105segment well, we expect the components p(Yi; �i) in the numerator and p(f(Yi); �i)in the denominator to have very similar properties, with di�erences essentially pro-portional to the dimensionality of the two observation vectors. So we expect theirratio to essentially serve as a scaling factor for the rest of the product, roughly Li=M;where Li is the segment length and M is the representation dimension. The remain-ing factor, Qi p(f(Yi) j ai; �i) p(ai; �i); is like the ordinary SSM except for its use ofthe representation f(Yi) in place of the original observation Yi: Essentially then, withthe given assumptions, this model tests the adequacy of the sampled representationof the speech.6.3 Context-Dependent ModelsThe independence assumptions made in the previous section lead to a straightforwardversion of the general formalism. However, the inaccuracies of these assumptions areknown to limit recognition performance, so we now consider less restrictive forms ofthe CIR model.In general, to the extent that there is adequate training data to estimate models,a recognizer becomes more accurate as it accounts for the e�ects of neighboring la-bels and observations. One example of this is the use of context-dependent modelsin conditional densities: the assumption that the acoustic observation depends onnot just the phoneme but the complete phonetic context re
ects the actual speechprocess more faithfully and leads to higher performance models. Another example isthe improvement in recognizer performance due to modeling the dependence of theelements ai of the label sequence via a language model [3]. This principle can beextended in other ways as well.We consider �rst the classi�cation component, p(AjY; S) under less restrictiveassumptions. As was the case with independent segments, here we can generalize the



106type of classi�ers that we may use by allowing probabilities conditioned on functionsof the observation sequence, not just the observations themselves, i.e., p(AjY; S) =p(Ajf(Y ); S): As before, if we are interested in classi�ers that use �xed-length inputs,we can consider functions that have appropriate �xed-dimensional ranges. Note thatin the context of reduced independence assumptions, the functions can, in principle,take into account the acoustic observations from the entire utterance, not just thesegment for a hypothesized phoneme.The posterior probabilities can be computed using the same classi�cation methodsdiscussed earlier, including tree-based classi�ers, neural networks, and Gaussians.For the Gaussian case, it is again possible to use class conditional densities in theclassi�ers, analogous to (6.8):p(Ajf(Y ); S) = p(f(Y )jS;A) p(S;A)p(f(Y ); S) : (6:22)To simplify the following discussion, for the label sequence A = a1; :::; aN, let ALibe the \left subsequence" preceding ai :ALi = 8><>: a1; :::; ai�1 if i 6= 1� if i = 1 (6:23)Similarly, let ARi be the \right subsequence" following ai:ARi = 8><>: ai+1; :::; aN if i 6= N� if i = N (6:24)The \classi�cation" expression can then be written using the chain rule of probability,as p(AjY; S) = NYi=1 p(aijALi; Y; S) (6.25)= NYi=1 p(aijARi; Y; S) (6.26)



107Note that in contrast to the conditional model, both of the above forms of the CIRmodel readily allow the use of complete \observation context;" that is, we can con-dition the probability of each phone on the entire observation and segmentation se-quences, Y and S:It is clear from the last equation that the CIR formalism can be used with eitherleft- or right-context-dependent models. In particular, we can use left-phone or right-phone-dependent models or we can condition on a more general function of the leftor right subsequence of labels. What is not obvious at this point is how to conditionsimultaneously on both left and right phonetic contexts, as in conditional densitytriphone models. In a later section, we will examine some of the issues concerning theuse of this type of joint context modeling with posterior probabilities. First, thoughwe present the details of a left-context model that was used in experiments.6.3.1 Left-Context ModelThe left-context model described in this section allows us to explore characteristicsof context modeling in the CIR approach without having to completely resolve someof the issues posed by higher order models (i.e. those that use left and right contextjointly) that we discuss in a later section. The choice of a left-context model insteadof right-context for this purpose was essentially arbitrary. Although linguistic anal-ysis indicates that many coarticulatory e�ects are anticipatory in nature, suggestingthat right-context models might be more powerful, our results with other context-dependent systems indicate that there is no real di�erence in performance betweenleft and right context models.



108Classi�cation ProbabilityIn the �rst version of the left-context CIR model we examined, the posterior proba-bility was simpli�ed from (6.25) as:p(AjY; S) = NYi=1 p(aijf(Yi); �i; ai�1); (6:27)where, as before, f(Yi) is the time-sampled representation of the ith segment Yi. In(6.27) as in the context-independent case, we have assumed the probability of a phonedepends on the corresponding segment, f(Yi); and its duration, �i, but in additionwe assume dependence on the identity of the previous hypothesized phone, ai�1.The above assumptions for the classi�cation probability, although apparently\natural" for left-context modeling, lead to a formulation that is not identical tothe left-context version found in conditional models like the independent-frame SSM.In those models, the left-context assumptions for the joint probability of observation,segmentation, and label sequences can be expressed asp(Y; S;A) = p(Y jS;A) p(SjA) p(A) (6.28)= Yi p(Yij�i; ai; ai�1) Yi p(�ijai; ai�1) Yi p(aijai�1) (6.29)= Yi p(Yi; �i; ai j ai�1) (6.30)where, in addition to the assumptions made in going from (6.28) to (6.29), we assumethat p(Y1; �1; a1 j a0) = p(Y1; �1; a1):Clearly, the use of a function of the segment observation, f(Yi), rather than thesegment itself is a basic di�erence between the two. Ignoring this assumption for themoment, it is interesting to ask if the methods are otherwise identical. Using theclassi�cation score in (6.27) modi�ed to use the complete observation, and deferringfor the moment the question of how best to compute the segmentation score, we can



109write the joint probability for an utterance in the CIR formalism asp(Y; S;A) = p(Y; S) p(AjY; S)= p(Y; S)Yi p(aijYi; �i; ai�1) (6.31)= p(Y; S)Yi p(Yi; �i; ai j ai�1)p(Yi; �i j ai�1) : (6.32)Since the numerator terms in the latter expression's product are identical to expression(6.30) for the non-CIR version of the complete probability p(Y; S;A), it is clear thatthe di�erent ways of introducing left-context assumptions result in �nal forms thatare not strictly equivalent. They are equivalent if p(Y; S) = Qi p(Yi; �i j ai�1); whichwill not be true for the left-context case developed here. We will return to this issuelater in the chapter when we discuss results comparing the two models.Although the assumptions for the formalisms di�er in this case, there is no par-ticular reason to believe one set of assumptions is correct and the other incorrect.Since they are both approximations, and neither violates the rules of probability, theevaluation of their relative merit becomes an empirical question of which approachgives the more faithful approximation to the process being modeled. In fact, our ini-tial assumption was that the di�erence between them should be insigni�cant in termsof system performance. Later, we will present results of the CIR and conditionalleft-context models, and o�er some interpretations of how the di�erent assumptionsa�ect performance.Segmentation ProbabilityThere are several options for computing the segmentation component of the left-context model. The simplest possibility is just to continue to use either of the methodsdescribed for the context-independent model. Combining this with the left-contextposterior probability would give some of the bene�t of left-context models.



110A somewhat more powerful approach is to modify the segmentation probability of(6.12) to compute the marginal over all left-context models instead of over context-independent models, i.e.,p(Y; S) =Yi Xf!ig Xf!i�1g p(Yi; �i; !i; !i�1); (6:33)where the summations are each over the phone alphabet, 
. Since left-context mod-els generally have better acoustic resolution than context-independent models, theresulting marginal probability should be more accurate too.Note that although this formulation uses more accurate models, it treats themarginal computed for the ith segment, p(Yi; �i), as independent from all other seg-ments. A more accurate approach is to use the marginal of the sequence probability,rather than a product of individual segment marginal probabilities. In general we cansum over sequences of phones:p(Y; S) = XfB2Ggp(Y; S;B); (6:34)where fB 2 Gg is the set of all valid label sequences in some grammar, G. If wemake the same assumptions as in the non-CIR left-context case, p(Y; S;B) has thesame simpli�cation as in (6.30), soXfB2Ggp(Y; S;B) = XfB2Gg Yi p(Yi; �i; bi j bi�1): (6.35)This equation has a dynamic programming (DP) solution:�j(k) = p(Y1; : : : ; Yj; �1; : : : ; �j ; bj = !k)= j
jXi=1 p(Yj ; �j; bj = !kjbj�1 = !i) �j�1(i) (6.36)where !i is an element of the label alphabet, 
, and the summation is over theindexes of the alphabet. The number of states that must be maintained at eachstep of the algorithm for j
j possible labels is j
j2 and the computation to sum all



111sequences of length N is thus O(N j
j2): Although this algorithm is very e�cient incomparison with the exponential computation associated with the naive algorithmto compute (6.35) directly, it represents much more computation than any of theprevious segmentation scoring algorithms described.6.3.2 Joint Left and Right ContextHaving considered the left-context case, we examine next the question of conditioningclassi�cation probabilities jointly on both the left and right neighbors of a phone.In comparing the CIR framework with the conditional formalism that follows from(2.10), we can discern a tradeo� in modeling power that arises from the way that sim-plifying assumptions are typically made in the two approaches. In the abstract, if noindependence assumptions are made, the CIR and conditional approaches produceexactly identical results since both compute the same joint probability. In prac-tice though, we can never hope to estimate the complete statistics of the sequencesinvolved, and we must introduce assumptions to make estimation feasible. The di�er-ences between the methods arise in the ways we can make assumptions while ensuringthat our estimates do not violate the rules of probability.For conditional statistical models, like the HMM and the conditional segmentmodels presented elsewhere in this thesis, the probability p(Y jA;S) expresses a gen-eral dependence of the observation Y and each of its components, Yi, on the completelabel sequence, A. This dependence may then be assumed to extend only to theimmediate phone, or to the triphone encompassing the phone, etc. In general, theprobability of Yi may be conditioned on any reasonable function of the complete labelsequence that can be adequately trained.However, when using conditional models, conditioning on joint \observation con-text", i.e., using the information in the acoustic signal on both sides of the immediate



112segment Yi, is problematic. Speci�cally, it is possible to condition segment probabili-ties on observations either to the left or right of the segment, e.g., using p(YijYi�1; A; S)or p(YijYi+1; A; S), but not on both, i.e., not p(YijYi�1; Yi+1; A; S). Note that althoughthis may be a limitation for some forms of utterance-dependent normalization, mostcurrent statistical methods would have trouble e�ectively modeling any more infor-mation than is present within a single segment, simply due to limitations in trainingdata for more complex models.For the classi�cation-in-recognition formulation of this chapter, the situation isreversed. The term p(AjY; S) expresses the general dependence of the label sequence(and each label in it) on the complete observation sequence, Y: This general depen-dence can readily be simpli�ed to having labels depend on various functions of theobservation sequence that are deemed most relevant. These functions may includeacoustic-phonetic features, or features measured from the entire utterance that areuseful for classifying a particular phonetic segment.However, unlike the conditional approach, if we wish to condition on the neighbor-ing phonetic context of the label sequence, in general the problem is somewhat com-plex. For instance, to model triphone context, we cannot simply useQi p(aijai�1; ai+1; Y; S)since this is not equal to p(AjY; S): It is not clear if this restriction for the CIR frame-work is practically more limiting than the prohibition of joint observation context inthe conditional model case. There is clear evidence from triphone-based HMMs thatinformation about the phonetic context from both sides of a segment is a powerfulconstraint on the acoustic realization of a segment, whereas there is little experienceyet with the use of \observation context" in posterior models. It may be possible thatthe acoustic information on both sides of a hypothesized segment adds little to theinformation from within a segment about the identity of the segment's phone label,but this is a question that requires further research.Because of the evident importance of using joint phonetic context in acoustic



113models, we describe next some alternatives for incorporating context in the CIRmodel.Returning to (6.26), if p(aijALi; Y; S) and p(aijARi; Y; S) are mutually consistentestimates, that is if both of them can be expressed as marginal distributions of acommon distribution, then we can writep(AjY; S) = NYi=1(p(aijALi; Y; S) p(aijARi; Y; S))1=2 (6:37)In this equation, the sequence probability is conditioned on both the left and the rightphonetic contexts of each phoneme. Note however that the equality is strictly validonly if both the left and right conditioned probabilities are marginals of a commondistribution. In this case, unfortunately, they will both produce identical probabilitiesfor the complete label sequence. Since there is no point in computing the samequantity twice, such a decomposition is not directly useful as a practical means ofcomputing the probability, except possibly in the case where less likely hypothesesare pruned from the search. If on the other hand, the component probabilities are notmutually consistent, as would be the case if they were estimated with typical trainingprocedures, simply combining them by multiplying would not result in the desiredposterior probability, and in fact, would not be a valid probability.Other Triphone ModelsIn recent work done separately at both NYNEX [47] and BBN [84], researchers haveincorporated triphone context in neural network posterior segment models. The ap-proaches taken in both models are similar, and for brevity, we will examine just theBBN SNN model closely.In this approach, each phone posterior probability (approximated by an MLPneural net) is conditioned on the full phonetic context as well as the segment ob-servation, and this probability is divided by the conditional prior of phone given



114context. For example, for triphone context, the MLP score for a segment is com-puted as p(aijYi; ai�1; ai+1) and this is divided by the probability p(aijai�1; ai+1): Theproduct of these terms is shown to approximate the conditional probability of labelsequence given observations, p(Y jA); divided by a normalizing factor approximatingp(Y ). The two terms, p(Y jA) and p(Y ), are weighted using the N-best mechanismto give the optimal combination for recognition performance (in the process, alter-ing their interpretation as strict probabilities). Using this approach, the SNN alonegets results nearly as good as a baseline context-dependent HMM, and when the twomodels are combined, a signi�cant improvement over the performance of the HMMalone is observed.Despite the very good performance achieved so far, some of the assumptions madein this approach are questionable, and may prove to be obstacles to further improve-ment. Speci�cally, in the model derivation, it is assumed that the segments comprisingthe observation sequence are independent, p(Y ) = Qi p(Yi), as opposed to the moreusual conditional independence assumption, p(Y ) = Qi p(YijA): This would be ob-jectionable, except that this term is used only as a normalization factor common toall scored hypotheses, and should thus be irrelevant to the recognition maximization;it can be thought of as not the probability of observations, but some function ofthe observations, g(Y ), used as a scaling factor. However, because the SNN uses a�xed-length representation of each segment in the observation sequence, this factorwill di�er for any two hypotheses that do not have the same segmentation. For ex-ample, sentence hypotheses with di�erent numbers of phones will be normalized byvery di�erent values for g(Y ), and this may cause problems in comparing sentencehypotheses. A second issue in the derivation is that the context of a phone is as-sumed to be conditionally independent given the observed segment, e.g., for triphonesp(ai�1; ai+1jYi) = p(ai�1; ai+1): This assumption seems counter to the motivation ofusing context models and may also limit performance. Ultimately, these objections



115may be irrelevant if the various terms are regarded as non-probabilistic knowledgesources that the N-best formalism can combine optimally for recognition.In the above approach, because the MLPs used in the SNN produce only posteriorprobabilities of the form p(aijYi; ai�1; ai+1), a normalization factor is required if thesescores are to approximate conditional densities, p(Yijai; ai�1; ai+1). For the model inthis chapter, it would be possible to perform a similar normalization, but this ideais less appealing in our case. The CIR model was largely motivated to explore theadvantages that accrue from the use of posterior probabilities, and in fact, in the ver-sion developed here for initial experiments, we used Bayes' rule to convert conditionaldensities into posterior probabilities just for this purpose. Using a normalization toconvert back to conditionals is probably not very sensible and would not tell us any-thing more about the properties of posterior models. For this reason, we chose toexplore context modeling using just posterior distributions.6.4 Experiments6.4.1 Context-Independent RecognitionPreliminary experiments were designed to test the feasibility of using the time-sampled segment representation described earlier under the phoneme classi�cationframework described in Chapter 3. In classi�cation, the observation vectors in eachphonetic segment were linearly sampled to obtain a �xed number of vectors per seg-ment, m = 5 frames. For observed segments of length less than �ve frames, thetransformation repeated some vectors more than once. The feature vector for eachframe consisted of 14 Mel-warped cepstral coe�cients and their �rst di�erences aswell as di�erenced energy. Each of the m distributions of each segment were modeledas independent full covariance Gaussian distributions. Separate models were trained



116for males and females by iteratively segmenting and estimating the models using thealgorithm described in [57]. The testing material came from the standard \Feb89"and \Oct89" test sets. In classi�cation experiments using the Feb89 test set, thepercent correct is reported over the complete set of phoneme instances, 11,752 forour transcription. In the initial experiments, only context-independent models wereestimated, and the labels and segments of the observation sequence were consideredindependent.On the Feb89 test set the classi�cation results were 65.8% correct when the entireobservation sequence was used and 66.4% correct when a �xed number of observationswas used for each segment. This result indicates that, in context-independent classi-�cation, �xed length measurements can work as well as using the entire observation.With this result, the next step was to evaluate the use of �xed-length featuresin recognition with the CIR formalism, using the N -best formalism described inChapter 3.An experiment was run comparing the CIR word recognizer to a baseline SSM rec-ognizer that uses all observations. For the classi�cation component of the CIR model,we used the context-independent posterior estimate given in (6.8). The segmentationprobability, p(Y; S); was computed as in Equation (6.13), using a version of the SSMthat considered the complete observation sequence for a segment. That is, not just m,but all observation vectors in a segment were mapped to the distributions and usedin �nding the segmentation score. The weights for combining scores in the N -bestformalism were trained on the Feb89 test set. In this case the scores to be combinedwere simply the SSM score, the number of words and the number of phonemes in asentence.On the Feb89 test set, the word error rate for the CIR method was 8.9% (227errors in a reference set of 2561 words), while the original approach had a 9.1% worderror rate (233 errors). To determine if these results were biased due to training the



117weights for combining scores on the same test data, this experiment was repeatedon the Oct89 test set using the weights developed on the Feb89 test set. Here, theperformance for both the CIR and original recognizer was 9.1% word error (244 errorsin a set of 2684 reference words). The CIR formalism thus has the same performanceas the original scheme.6.4.2 Segmentation ProbabilityAs mentioned previously, some current systems use a classi�cation scheme with noexplicit probability of segmentation. We attempted to simulate this e�ect with theclassi�cation recognizer by simply suppressing the score for the joint probability ofsegmentation and observations. This is equivalent to assuming that the segmentationprobabilities are equally likely for all hypotheses considered. Scores were computedfor the utterance with and without the p(Y; S) term on the Feb89 test set. Whenjust the classi�cation scores were used, word error went from from 8.9% to 10.8%,an 18% degradation in performance. Evidently, the joint probability of segmentationand observations has a signi�cant e�ect in normalizing the posterior probability.Experiments were also run to compare the �rst two of the segmentation scor-ing methods described earlier in the chapter. In the �rst method, based on equa-tion (6.13), the same speech analysis described earlier was used at each frame (cep-stra plus di�erenced cepstra and di�erenced energy) and the marginal probabilitywas computed by summing over the set of context-independent phones. In the sec-ond method, which computes p(S j Y ) using equations (6.14) - (6.20), we modeledeach of the conditional densities in (6.19) and (6.20) as the joint, full covariance,Gaussian distribution of the cepstral parameters of the two frames adjoining the hy-pothesized boundary. In order to reduce the number of free parameters to estimate inthis Gaussian model, we used only the cepstral coe�cients (i.e., omitting di�erences)



118as features for each frame. On the Feb89 test set the �rst method had 9.1% com-bined word error for male and female speakers, while the second method had 11.0%word error. Using the best weights for the N -best combination from this test set,the segmentation algorithms were also run on the Oct89 test set. In this case, theword error rates for the two methods were 9.4% and 11.9%, respectively. As notedbefore, in comparing these methods, certainly part of the reason the marginal modelimproves is simply due to its having a larger number of free parameters.This result suggests that the boundary-based segmentation score yields perfor-mance that is worse than no segmentation score. However, the \no segmentation"case actually uses an implicit segmentation score, since the N hypotheses are assumedto have equally likely segmentations (while all other segmentations have probabilityzero). Additionally, since weighted phoneme and word counts are included in thecombined score, we e�ectively use another simple grammatical constraint since thisscheme penalizes hypotheses that are too long or short.6.4.3 Left-Context ExperimentsThe �rst left-context experiment used a model with a left-context classi�cation score(with a time-sampled segment representation), as in (6.27), together with a context-independent segmentation score computed using the marginal method given by (6.13).The motivation for this initial con�guration was the hypothesis that it was moreimportant to have a more discriminating model in the classi�cation component, andany \reasonable" segmentation component, including the method that worked in thecontext-independent case, should do an adequate job of scoring the segmentations.The performance of this initial model was quite poor: the CIR word error ratewas 8.6% on the Feb 89 test set (77 errors for females, 142 for males) compared withthe baseline rate of 6.4% for the corresponding non-CIR left-context model (64 female



119and 100 male errors).Following this, we conducted a number of experiments to try to determine why theCIR performance was lower than the non-CIR model's, exploring di�erent segmenta-tion models and eliminating di�erences in assumptions made by the two models. Inthese experiments, we chose to use just the female subset of the database for train-ing and recognition to facilitate faster experimentation. For this subset, the errorrate for females alone with the above CIR system was 7.4%, and the results for thebaseline, non-CIR system were 6.0% and 5.7% for the 5 and 8-frame SSM, respec-tively. Some of the results we present below di�er by only a small number of errorson this data set and the di�erences may not be statistically signi�cant. However, wehave generally found that this set is adequate for determining rough comparisons andeliminating truly bad approaches. Table 6.1 summarizes the results for the variantsof the left-context CIR model that we discuss next.As an alternative to the context-independent segmentation score, we again testedthe \no-segmentation" paradigm, using the classi�cation component score alone. Asin the context-independent case, this approach resulted in much worse performance{ 9.7% word error on the female subset. Although the performance of 7.4% worderror obtained when using both classi�cation and segmentation score is not as goodas the baseline non-CIR performance, the substantially higher error rate when justthe classi�cation component alone is used con�rms that both parts of the model arenecessary to obtain reasonably normalized utterance probabilities.To more fully exploit the power of context modeling, we changed the segmenta-tion component from context-independent to the left-context model given in (6.33).However, this change made only a small improvement, reducing the error from 7.4%to 7.2%. In addition to the disappointing accuracy improvement, the computation forthe left-context segmentation score is signi�cantly larger than that for the context-independent segmentation score.



120To rule out the possibility that our N -best weight optimization was simply badlymistuned for the left-context case, we tried using separate weights for the two com-ponents p(AjX;S) and p(X;S). This gave only a slight improvement from 7.2% to7.0% error. Additionally, because we are in danger of overtuning to the test data inthis case, even this small improvement is not reliable and we did not continue thispractice in other experiments.We next dropped the assumption that the sampled representation was equivalentto the original. We conducted an experiment that used the CIR framework, butcalculated the classi�cation score using the complete observation sequence. For agiven segmentation, the numerator of this score would be computed identically tothe non-CIR method of computing the complete score (i.e., the standard left-contextbenchmark we were attempting to replicate).The result using the complete observation CIR model was 6.6% on the Feb89females. This is an improvement from the 7.2% for the previous best CIR left-context system, but still worse than the 6.0% error rate of the non-CIR left-contextexperiment. It is interesting that the assumption that the particular �xed-lengthfunction was an adequate representation of the complete observation was acceptablefor the context-independent CIR recognizer but caused problems for the left-contextcase.We also looked at the recognition results when using just the classi�cation nu-merator from the complete CIR score in this version of the system, since, when theobservation consists of all frames in a segment, the numerator of the CIR score iscomputed with the same procedure as the non-CIR model. In this case the worderror improved from 6.6% in the complete CIR model to 6.4% for just the numer-ator. The discrepancy between the numerator result and the non-CIR performanceof 6.0%, despite their identical scoring algorithms, is due to the fact that the CIRscore was computed over a segmentation determined by the combined classi�cation



121Table 6.1: Word error rates for the left-context CIR system using di�erent segmenta-tion scoring methods evaluated on the female speakers of the Feb89 test set. Resultsare given for classi�cation scores based on both sampled and complete (All Frame)segment observations and for the 5- and 8-distribution SSM. Comparable non-CIRscores are 6.0% and 5.7% for the 5- and 8- frame models, respectively.Classi�cation Segmentation # DistributionsType Type 5 8No segmentation 9.7 {Sampled \Explicit" boundary 9.0 {Context Ind 7.4 {Left. Cont. 7.2 7.6All Left. Cont. 6.6 7.0Frame DP Left. Cont. 6.0 6.5and segmentation scores. This result indicates that the dynamic programming searchover possible segmentations was su�ciently misguided by the CIR score that thenumerator probabilities were measured over a poor segmentation.The above results were obtained using a �ve frame SSM model. When using aneight frame model, performance for the non-CIR model improves slightly (from 6.0%to 5.7% for Feb89 females) whereas the CIR model (with a sampled, �xed-lengthsegment representation) actually degrades (from 7.2% to 7.6%). Similarly, for thecase of using the complete observation sequence in the CIR classi�cation component,using 8 frames instead of 5 gives a word error rate of 7.0% instead of 6.6%. Theincrease in error rate is somewhat surprising, and we do not have a good explanationfor it.



122To further investigate the e�ect of the segmentation score on the overall CIRscore, the \explicit boundary" segmentation score, as given in (6.15), was also tried.This score was combined with the left-context classi�cation score. As in the context-independent case, the performance for this model was signi�cantly worse than usingthe context-independent marginal segmentation score: the error rate increased from7.4% to 9.0%.We also compared the use of Viterbi decoding in the CIR approach (the default inthe system) versus \Baum-Welch" decoding. In the usual Viterbi criterion, the scorefor a sentence hypothesis is found as the score for the single most likely path throughdi�erent possible word pronunciations and segmentations. This type of approxima-tion to the complete probability has been found by researchers to give essentiallyidentical performance for HMM systems, but we wanted to verify that it was nothurting performance in the CIR case. Viterbi decoding was compared with the moreexact method in which the score for an utterance was summed over all segmentationsallowed in the N-best rescoring (i.e., all segmentations with boundaries within �10frames of the initial HMM segmentation) and over all alternate pronunciations forthe words in the sentence. For both the context-independent and context-dependentCIR models, summing and using the Viterbi approach produced identical error rates.Finally, we examined the e�ect of using the left-context, dynamic programmingsegmentation score given by (6.36). This method uses assumptions that are mostsimilar to the non-CIR assumptions. We again used the complete observation for theclassi�cation component of the model in order to have the best chance of replicatingthe non-CIR performance. We compared this method with the CIR model that usesthe simpler left-context segmentation score (from Equation (6.33)) for both the 5 and8 frame CIR SSM. Using the DP segmentation improved performance from 7.0% to6.5%, for the 8-frame case, and from 6.6% to 6.0% for the 5-frame case.The 6.0% error rate for the 5-frame version of this CIR model is actually the same



123as that for the non-CIR 5 frame model, although this is still worse than the best non-CIR of 5.7% for the 8-frame model. Furthermore, the computational and memoryrequirements for the DP segmentation score are quite large and probably infeasibleeven for research purposes, despite the reduced search space of the N -best approach.Additionally, to get this performance, we were forced to drop the assumption thatthe �xed-length representation was equivalent to the original unsampled represen-tation. With this, we gave up the ability to measure correlation in a very simplefashion by estimating the joint density of segment-length observations using a sin-gle classi�er. This negative result, that the sampled representation loses informationthat is crucial for phonetic discrimination, stands in contrast to a number of earliersegmental studies that have used a sampled representation without carefully examin-ing its e�ects [84, 57]. However, most of these other studies have dealt mainly withcontext-independent models, for which our experiments indicate that sampling maybe entirely adequate.Segmentation Distance MetricsAs part of the e�ort to understand how di�erent segmentation scoring methods af-fected the CIR models in comparison with the non-CIR model, we measured thedistances between the segmentations produced by di�erent models. The segmenta-tion for an utterance was de�ned to be the set of boundaries along the highest scoringpath for the utterance produced by a model in recognition. We compared the seg-mentations produced by di�erent versions of the CIR model, using as a reference, thesegmentation produced by the non-CIR left-context model. The distance between areference and a \test" segmentation was computed using the following procedure:� Find the RMS distance from test boundaries to reference boundaries and savethe index of the reference boundary that each test boundary maps to. If more



124Table 6.2: Distance metrics for di�erent CIR segmentations from a reference, left-context non-CIR segmentation.Segmentation Type Avg. dist. # insertions # deletionsLeft-context, all frames .765 26 36Left-context, \explicit boundary" 1.612 78 80Cont. Ind. 1.527 29 35than one test boundary maps to a reference boundary, take the closest of theset and call the others insertions.� Any reference boundaries that are not mapped to are labeled as deletions.The error measures we examined were then the average RMS, in frames, to a correctboundary, the number of deleted boundaries, and the number of inserted boundaries.Using this de�nition, we compared the distance between CIR models and the left-context non-CIR model, for several CIR variants. The results are given in Table 6.2.We can see that the direct segmentation has a signi�cantly larger distance thanthe other methods and the left-context segmentation is closer than the context-independent segmentation.Feature sampling and context-dependent modelsThe left-context results given above seem to indicate that the time-sampling rep-resentation chosen for segment observations may destroy information important forrecognition with context models. To help determine if these problems were inherentin the representation rather than an artifact of the CIR formalism, we conducted anexperiment to measure the e�ect of sampling using an approach similar to that takenin the original SSM work [57], in which a sampled representation was found to be



125adequate for context-independent models.In the earlier SSM work, the score for an utterance was the sum of the log proba-bilities of time-sampled segments and each segment score was scaled in proportion tothe segment's original duration. The scaling normalization thus made each segment'sscore an approximation of what would be expected if all frames were used.We conducted an experiment that replicated this scheme (with a slightly di�erentnormalization), but used left-context models instead of context-independent models.The normalization for scores of time-sampled segments consisted of a scaling factor ofLO=LM where LO is the length of the observed segment and LM is the model length.The only di�erence between this experiment and the scoring in the original SSM workis the denominator term LM , which could be accounted for by that system's phonemeinsertion penalty. In our experiments, the model length was 8.In an initial experiment, recognition was performed by scoring all segments usingthe above normalization. This resulted in a 4.7% word error rate for the male subsetof the Feb89 test set. This compares with the 3.7% error rate when using the normalscoring for all segments. To rule out the possibility that the worse performance wasdue to errors introduced in sampling very long segments, we ran a second experimentwith sampling done in a very limited context. In this experiment, sampling andnormalization was done only for segments of length 9 and 10, with all other segmentsbeing scored normally, i.e., using the complete observation sequence. However, evensampling this much smaller subset of the segments led to signi�cant performancedegradation: the error rate in this experiment was 4.0% on the same test set.To look more closely at the system's behavior in this experiment, we compared thescores for using the sampled/normalized scoring versus the original approach for eachsegment that was of length 9 or 10. We estimated the maximum and the mean squareerror of the di�erences between the two scores. The scores appear to be asymptoticallyunbiased { the average error and average squared error both approach 0 fairly rapidly
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Figure 6.1: The e�ects of time sampling on the score for an example segment of nineframes. Approximation error is indicated by the double arrow at frame index four.{ but with considerable variance (as exhibited by fairly large maximum errors).The large variance may account for the poor recognition performance. Since thedynamic programming algorithm used in recognition repeatedly chooses the maximumsegment score, if the process includes some large errors, even if most errors are small,the large positive errors are likely to make their way into the �nal result. In fact,the recognition scores are consistent with this hypothesis; the sampled/normalizedexperiments produced larger utterance scores than those for the regular SSM experi-ment, with a larger increase when all segments are sampled than when just the 9 and10-length segments were.Essentially the normalization procedure assumes the missing frame scores shouldbe the average of the sampled frames' scores. The fallacy of this assumption's gener-ality becomes evident when looking at the frame scores for particular segments.An example of the frame scores for a 9-length observation is shown in Figure 6.1.



127Here the score for each frame (proportional to the log probability density for theframe's cepstral coe�cient vector) is plotted for the 9 observed frames. When weuse a sampled representation, the fourth frame is omitted, and the normalizationessentially assigns to this frame a score equal to the average of the sampled frames.The average value is also plotted in this �gure as a horizontal line and the error forthis approximation is indicated by the double arrow below the fourth frame score.For this example, it is clear that using the average score as an approximation of any ofthe frame's true scores would result in a substantial estimation error, and the fourthframe happens to be particularly bad. This example highlights the di�culty in usingany simple procedure to estimate the contribution of any missing frames.The above experiment supports the interpretation that the problem with thisrepresentation is not solely an artifact of the CIR formalism, but an issue of missinginformation that is required by context-dependent models. The more discriminatingleft-context models seem to make use of information in the segment observation thatcontext-independent models do not need and that is lost in sampling.6.5 Discussion of ExperimentsIn the preceding experiments, the di�erent versions of the CIR formalism performedworse than the conditional SSM model, and we were only able to come close to theconditional performance using a very computationally expensive model. One of theimportant factors contributing to the lower performance was the use of a time-sampledsegment representation. The inaccuracy of this representation was demonstrated bothin the CIR formalism and by the experiments that used the earlier SSM formalism thatdirectly normalized the sampled segment scores. As mentioned, this stands in contrastto the results reported by other researchers in which time-sampled representationswere found to be adequate.



128One possible solution to the sampling problem that was explored was to decode bysumming scores across segmentations for a phone sequence, instead of using Viterbidecoding, which uses only the maximum scoring path. Since di�erent segmentationboundaries lead to di�erent frames being sampled, if the errors due to sampling arenot too large, summing across the hypothesized segmentations for a phone might havereduced the variance of the error and thus improved overall performance. However,our experiments showed no di�erence in performance between the two approaches, soit is likely that the magnitude of the sampling errors is too large for this strategy tohave been e�ective.Clearly, if we wish to retain the advantages of a �xed-length representation, thereare other possibilities that may have more desirable characteristics than time sam-pling. For example, the BBN SNN system has recently made use of the discretecosine transform across time of the cepstral features in a segment to capture segmen-tal characteristics in a �xed-length representation [83]. By increasing the number oftransform coe�cients, in principle, it should be possible to reduce the information lossin this type of representation to a negligible amount. Of course as the representationaccuracy improves, the number of parameters in our models that must be trained in-creases too, and we may not have a su�cient amount of data to estimate models usingthe most accurate representation. Although BBN reports that this method providesonly a modest improvement over a time-sampled representation, some representationof this sort may have the desired �xed-length property without destroying importantinformation.The problems with the CIR formalism are not con�ned to the issue of segmentrepresentation, however. Even when no transformation of the segment observationwas applied, the CIR performance still su�ered in comparison with the conditionalmethod. What are the possible causes for the remaining di�erence?As noted earlier, the assumptions of the conditional and CIR left-context ap-



129proaches, although both probabilistically consistent, are not identical. We saw beforein (6.32), that the CIR expression for the joint probability of observations, segmen-tation and labels contains the non-CIR expression for that same probability in itsnumerator. That is, if we denote the expression for the joint probability under non-CIR assumptions as pN (Y; S;A), Equation (6.29) ispN (Y; S;A) =Yi p(Yi; �i; ai j ai�1) (6:38)and, denoting the CIR expression as pC(Y; S;A), (6.32) becomespC(Y; S;A) = p(Y; S)Yi p(Yi; �i; ai j ai�1)p(Yi; �i j ai�1) (6.39)= pN (Y; S;A) p(Y; S)Yi 1p(Yi; �i j ai�1) : (6.40)This demonstrates that the two are not equivalent, and in fact the underlying setsof assumptions are incompatible. That is, if we make the CIR assumptions of (6.32),then the non-CIR case of (6.29) is impossible, and vice versa, unless we make thefurther assumption that p(Y; S) =Yi p(Yi; �i j Ai�1); (6:41)which in turn implies p(Y; S) =Yi p(Yi; �i); (6:42)i.e., that segment observations and durations are completely independent. However,this assumption, in turn, contradicts the assumption of left-context dependence. Wetherefore conclude that the two sets of assumptions cannot both hold in a singlemodel.From these experiments, we can draw some conclusions about aspects of segmentmodeling in general and approaches based on posterior-distributions in particular.As mentioned, we have seen that considerable care may be required in choosing a



130representation of the observed segment that is used as the input feature vector to theclassi�er. This is particularly important as more discriminating, context-dependentmodels are introduced. Finding a representation that retains all the critical informa-tion about a segment, and yet is of low enough dimension to allow robust statisticalmodeling, remains an outstanding goal in this area.Furthermore, our experiments indicate that the assumptions we make in contextmodeling when using a di�erent general recognition formalism must also be consid-ered carefully. We found for instance that the left-context assumptions for the CIRmodel, though apparently \natural," were fundamentally di�erent from the assump-tions associated with the left-context conditional model. Additionally, the questionof joint left and right context is not yet completely resolved.On the other hand, one of the strengths of the CIR formalism may be its abilityto incorporate wider windows of \observation context," that is, conditioning a phoneclassi�cation probability on functions of the entire utterance, rather than just theobservation for a segment, in a probabilistically consistent fashion. Although wedid not explore this aspect of the formalism in the preliminary work reported here,we believe that it may have useful application in contributing to solutions for someunresolved issues in acoustic modeling. By applying the information from a widerperspective to individual phone probability estimates, the CIR formalism may helpto ensure consistency between di�erent parts of a hypothesis in a manner that moretraditional approaches, which only use local information in decisions, can not.



Chapter 7ConclusionsThis thesis has addressed some of the important issues in the use of segment models foracoustic modeling in speech recognition. We categorized segment models accordingto the key properties of observation representation and probability distribution type,and examined the characteristics of speci�c models in these categories. In this chapterwe summarize the contributions of the thesis and suggest some directions for futurework.7.1 ContributionsIn this thesis, we have examined segmental acoustic modeling for speech recognitionfrom the perspective of two key characteristics: the representation of segment ob-servations (�xed versus variable length) and the usefulness of di�erent probabilitydistribution assumptions in training and recognition.Concerning the representation of the speech segment, we distinguished the var-ious possibilities based on whether the dimension of the representation varied withphone duration or was a transformation from the inherently variable-dimensional ob-servation space to a �xed-dimensional one. There are several key issues related tothe choice of segment representation. They include the completeness of the repre-131



132sentation (i.e., how much of the information in the original signal is preserved in therepresentation), the suitability of the representation as input to a particular patternrecognition technique (for example, the desirability of �xed-dimensional inputs forsome techniques, such as neural networks), and the normalization of probabilitiesthat may be required if the representation is a transformation of the original inputspace.Under distributional assumptions, we categorized segmental approaches based onwhether they use class-conditional probability densities of observation given phone,versus posterior probabilities of phone given segment observation. We showed thatthe type of distribution chosen has important implications for the use of context-dependent models, with posterior models having a straightforward formalism formodeling the observation context outside a segment's boundaries, but requiring morecomplex methods for incorporating phonetic context. For class-conditional models,the opposite situation holds, with phonetic context arising as a natural extension ofthe basic approach, but observation context presenting some formal di�culties.All four combinations of these characteristics { �xed versus variable-length rep-resentation and conditional versus posterior distributions { lead to valid segmentmodels, although posterior distribution models are most typically associated with�xed-length representations and conditional models with variable-length representa-tions. We focused our attention primarily on these two most common cases, investi-gating speci�c models from these categories. Through these models we were able todemonstrate some of the advantages and disadvantages of the general approaches, asdescribed below.As a special case of the conditional density / variable-length model, we lookedat the the use of Gaussian mixture models for improved frame-level modeling in theindependent-frame SSM. The introduction of mixtures allows much more general dis-tributional modeling possibilities than under the unimodal Gaussian density assump-



133tion made in some earlier versions of the SSM. Although mixture models o�er theability to model more complex densities, the resulting increase in the number of pa-rameters requires that care be taken to ensure the parameters are robustly estimated.In general, recognition performance improves as the number of free parameters in-creases, so long as the parameters that are added represent useful information andthere is adequate data to train them. Since not all parameters are equally relevant,a particular allocation of parameters may be more e�ective than another for a �xedamount of training data. We investigated several di�erent methods of parameter al-location within the mixture formalism, using the mechanism of parameter tying tocontrol the growth in the number of parameters. Speci�cally, we looked at so-calledsemi-continuous or tied-mixtures, untied or continuous density mixtures, covariancetying, and a method to tie the parameters of context allophones of each phone.The experimental results we obtained with mixtures for the SSM using frame-independence assumptions, con�rmed that this special case of the SSM performscomparably to state-of-the-art HMM systems. We also developed several innovationsfor the mixture training algorithm that greatly reduced training time, including theestimation of marginal distributions for context-dependent tied-mixture models anda parallel training algorithm that runs on a distributed network of workstations.In order to take better advantage of the segmental framework, we developed a seg-mental mixture model that captures segment correlation indirectly through modelingdistinct segment-length, time-cepstra trajectories. This approach also falls under thecategory of models based on conditional densities of the variable-length observed seg-ments. With this method, we found very good performance for context-independentmodels and demonstrated the feasibility of capturing segmental characteristics viaa detailed model-frame sequence. We did not observe improved performance forcontext-dependent segmental mixture, probably because more sophisticated parame-ter sharing is needed for the relatively small, Resource Management training set.



134To investigate the characteristics of models based on posterior distributions, wedeveloped and evaluated the CIR recognition formalism. Using context-independentmodels, we demonstrated the feasibility of the general posterior distribution approach.However, with more detailed, context-dependent models, we found that the assump-tions required in this case did not readily lead to performance as good as with com-parable class-conditional models. Although our posterior-based model was unableto improve performance over the comparable class-conditional density models, ourwork has improved the understanding of the theoretical issues associated with thesemodels, and the questions of consistency in context-dependent posterior models inparticular.Of the models developed in this thesis, the best case improvement over the baselineSSM for the context-dependent case was using the frame-level tied-mixture modeldescribed in Chapter 4. In this case, the word error was reduced by 30% from 4.8%to 3.4%. For context-independent models the most signi�cant improvement was withthe segmental mixture model. On the male speakers of the Feb89 test set, this modelreduced word error from 9.5% in the baseline to 5.5%.7.2 Trade-O�s of Di�erent Modeling AssumptionsIn this section we present conclusions concerning speci�c modeling options that wereconsidered in this work. We �rst review the comparative performance and number ofparameters for a representative set of models from di�erent parts of the thesis. Table7.1 gives the number of free parameters and the word error rate on the female Feb89speakers for left-context versions of several of the models discussed earlier. Althougha larger test set is desirable for careful performance comparisons, the CIR models wereevaluated only on this set, both because of the model's computational burden andbecause performance disadvantages of this approach relative to others were adequately



135Table 7.1: Word error rate and number of free parameters for several left-contextmodels. The error is measured on the female speakers of the Feb89 test set.Word Error Rate # Free ParametersBaseline SSM 5.7 370KCIR 7.2 320KSampled Classi�cationCIR 6.0 320KDP SegmentationIndependent Frame 4.2 1.3MCovariance-tied MixtureSegmental Mixture 4.3 2.3Mhighlighted on this set. Similarly, triphone models lead to better performance for thenon-CIR models, as noted in earlier chapters, but the left-context case allows directcomparison of the di�erent models for a common set of phonetic units.The �rst row of the table gives the performance for a baseline SSM with 8 re-gions, each of which has a single full-covariance Gaussian distribution. Two CIRmodels discussed in Chapter 6 follow this; the �rst uses time sampling of the seg-ment in its classi�cation score and a marginal segmentation probability, the secondhas no sampling in the classi�cation score and uses dynamic programming to com-pute the segmentation score. The table also includes the left-context version of theindependent-frame, covariance-tied mixture model discussed in Chapter 4 and a seg-mental mixture model that uses 3 segmental mixture components, with 8 regionsper segmental component and 4 diagonal Gaussians per region (this parameterizationdi�ers slightly from the triphone-dependent models described in Chapter 5).



136In general, we can see that the higher performing models have signi�cantly morefree parameters than lower-performing models, but also that the number of param-eters alone is not a good predictor of performance. At one extreme, for the case ofthe two CIR approaches where the input models are identical but the recognitionalgorithms di�er, it is clear that performance di�erences are not at all due to thenumber of parameters, since these are identical. We note also that the segmentalmixture model has nearly twice the number of parameters as the independent-framemixture model, but performs no better than that model. It is likely that some of theparameters in the segmental case model irrelevant information, and in future workit may be possible either to achieve the same performance with fewer parameters orimprove performance keeping the number of parameters �xed.In the remainder of this section, we review four modeling choices that arose re-peatedly in the development of the models discussed, and we attempt to draw somegeneral conclusions concerning them. Speci�cally we look at the trade-o�s in both per-formance and computation for: posterior-based recognition versus class-conditionalmethods, di�erent types and amounts of parameter tying in a model, the type ofcorrelation assumption to use (full versus diagonal-covariance) in Gaussian model-ing, and segmental versus frame-based modeling. In looking at these issues, however,it is important to note that many of the aspects concerning performance are fun-damentally empirical, and the conclusions that we reach are necessarily somewhatdependent on the characteristics of the particular corpus and task used in developingthe models. A similar warning is in order concerning the evaluation of computationaladvantages of the methods. The primary goal of this work was to explore the recogni-tion accuracy of the models, and considerations of speed were secondary. Obviously,questions of speed are critical to achieving near real time performance on inexpensivehardware, but in the research phase, software development time is also an importantfactor. Hence, the computation trade-o�s presented below represent somewhat rough



137estimates. Even with these caveats, however, there are still important general lessonsthat can be taken from the models developed in this thesis concerning recognitionaccuracy and computational e�ciency.Posterior versus Class-Conditional DensitiesBy far the most common approach to statistical speech recognition is to model theacoustic signal using class-conditional densities as is typical in HMMs. As mentionedbefore, the e�ciency of HMM algorithms and their considerable success in improv-ing accuracy make this an appealing approach. In general, class-conditional modelscan easily incorporate phonetic context models, although they are not well-suited forincorporating arbitrary windows of observation context in local probability distribu-tions. Increasing the size of the observation window involves changing the modelingunit (e.g. from frame to segment) and a corresponding increase in the search space.Posterior distributions are an alternative basis for statistical modeling that holdseveral possible advantages. Posterior models have the potential for directly incorpo-rating segmental information by conditioning classi�cation probabilities on completesegments, and unlike conditional models, there are no formal obstacles to incorpo-rating observation context. The potential for segment modeling was the initial mo-tivation for our investigation of these models. Our goal was to take advantage ofthe formalism by using a simple �xed-length representation of segments that wouldallow particularly straightforward measures of intra-segment correlation. This goalappeared reasonable given previous segment research that suggested �xed-length rep-resentations such as time-sampled segments are adequate for capturing the essentialinformation in a speech segment. However, we found this to be true only in thecontext-independent case. Analysis of left-context results showed that time-samplinghurts performance signi�cantly, due to a loss of information used by context modelsfor phonetic discrimination.



138Furthermore, our experience with left-context models showed that using the sameunderlying densities, our posterior-based model gave lower performance than a com-parable class-conditional model. The question of posterior probability normaliza-tion seems to be di�cult in general, and the most e�ective segmentation probabil-ity we found for the left context case was computationally very expensive and onlymarginally adequate. Other normalizations for triphone context models of posteriormodels proposed recently by researchers using similar approaches require problematicassumptions, and essentially lead to a poor approximation of conditional densities.The CIR algorithms we explored are also signi�cantly slower than any of the con-ditional models tested, primarily because the posterior distribution was implementedvia the class-conditional distributions using Bayes' rule. In a more direct implemen-tation, the classi�cation component would have a similar cost to the class-conditionaldistributions. However, the segmentation score also adds a signi�cant additional costto the CIR algorithm. For instance, the most e�ective segmentation score { the left-context DP algorithm { is slower than the complete scoring algorithm for comparableclass-conditional models by more than a factor of two.In weighing the relative advantages of the two approaches for practical recogni-tion today, the balance strongly favors conditional densities, both in terms of theiraccuracy and speed. However, the posterior-based approach has not been explored asthoroughly, and there may be solutions yet to be found for some of the problems weencountered (particularly with segmentation scoring) that will allow the exploitationof this formalism's advantages. Because we were interested in comparing models thatwere as similar as possible, we did not explore two options that are only possible withposterior models: direct scoring of class conditional probabilities (e.g., using MLPneural networks) and extended observation contexts.



139Parameter TyingIn general, it is possible to reduce the number of free parameters in a model byde�ning sets of parameters that can be treated as equal. There are as many ways oftying parameters in a system as there are equivalence classes of the parameters, butthe types of tying can be characterized by two factors. First, which element of thedistribution is being tied (e.g. covariance, Gaussian, complete mixture distribution)and second, what group of models in the system shares the tied elements (context-dependent variants of a phone, clustered regions, all regions in the system, etc.).In this thesis, parameter tying arose in the investigation of mixture-density models.Despite the wide array of speci�c possibilities, many of the important characteristics oftying can be seen by comparing two extreme cases; on the one hand using completelyuntied mixture models, in which each region's density is characterized by separateGaussians and mixture weights, and on the other, using tied-mixtures, where allmixtures use a single set of Gaussians.For untied models, the fact that the sets of Gaussians are separate a�ords eachregion a great deal of modeling 
exibility, but the number of Gaussians actuallyuseable in the untied case is often limited by the amount of training data for a model.In particular, the data available for a context-dependent model is often too small tosupport the estimation of more than a few Gaussians in a mixture.In a tied-mixture system, the regions each have distinct weights, but they share acommon set of Gaussians. In this way each region density must be composed from thesame set of \basis" Gaussians with a single set of means and covariances. Becauseof tying, the training from all models contributes to the estimation of one set ofGaussians, so a much larger number of Gaussian components can typically be usedin the mixture. Another di�erence between tied and untied models is the relative\smoothness" of the models. The Gaussians in tied-mixture systems are typicallybroader since they must adequately represent the data associated with all phonetic



140models using a single set of Gaussians, while the Gaussians of untied models maybe narrower since they are modeling the relatively small amount of data associatedwith a single phonetic model. As a consequence of the generally smaller numberof parameters per density in the tied-mixture case, it is usually possible to modela larger number of context-dependent phonetic units than with untied models. Inthis instance, the tradeo� is between having a smaller number of very speci�c untiedmodels or a larger number of possibly smoothed models.There are signi�cant computational advantages for tied-mixtures in recognition.As each input feature vector is encountered, its probability is determined for everyGaussian in the system, but since there are many mixture densities that share the sin-gle set of Gaussians, the computation of the weighted sums of Gaussian probabilitiesdominates the computation.For models with intermediate amounts of tying, their computational and distribu-tional characteristics also usually lie somewhere between the extremes outlined above.For instance, in the mixture system of Chapter 4 that uses tied covariances but un-tied means, the re-estimation procedure leads to distributions whose smoothness fallssomewhere between the untied and fully tied cases, and the number of context modelsthat can be estimated for a given amount of training is usually less than in the tiedcase but more than in the untied.We explored the issues of tying experimentally, looking at several mixture variantsin Chapter 4. In general, with moderate amounts of training as in the case of ResourceManagement, tied-mixture systems performed better than untied systems for context-dependent modeling. For our system the inaccuracy inherent in sharing a common setof smoothed Gaussians with tied mixtures is o�set by the advantage of having a largernumber of mixture components per distribution. However, we achieved equally goodresults using the more limited form of tying of keeping means separate and sharing justthe covariances between context models of the same phone. In context-independent



141experiments, untied systems performed substantially better than tied-mixturemodels.This is not surprising since here there is enough data to train multiple Gaussiancomponents for each model, whereas in the context-dependent case, the amount ofdata per model is typically much less.Gaussian Correlation AssumptionsA basic choice that arises in using Gaussian models in general is whether to use fullor diagonal-covariance matrices. In our experiments, in which the feature vector ofcepstral parameters and their �rst di�erences contains 30 elements, a full-covariancestructure leads to 465 free parameters per covariance whereas a diagonal assumptionyields just 30. This di�erence has important implications for parameter estimationand computational speed.We �rst encountered this issue experimentally in the case of tied mixtures, wherewe were able to use full-covariance matrices without incurring severe penalties intraining or recognition speed. In this case, we were motivated to use full-covariancematrices since they signi�cantly improved performance for the male speakers overthe diagonal case, due to the larger amount of male speech in the training database.In general, the computation of a density value for a single, full-covariance Gaussianrequires substantially more operations than for the diagonal covariance case. However,with tied-mixtures, as discussed above, computing Gaussian probabilities accountsfor a relatively small amount of the computation, with the majority going to thecomputation of the di�erent weighted sums of the shared probabilities. In this way,the cost of full-covariances is \amortized" over a large number of region densities.The issue of training feasibility with full covariances is also aided by the parametersharing in tied mixtures. In cases where the number of parameters in a system is pro-portional to the number in each Gaussian, using full instead of diagonal-covariancematrices increases the number of parameters tremendously, possibly leading to di�-



142culties in adequately estimating the models. However, for tied-mixtures the numberof Gaussians is small compared to the number of mixture weights in the system, sousing full-covariance matrices does not cause undue training problems. Thus, the spe-cial structure of tied-mixtures makes full-covariance Gaussians an appropriate choicedespite the di�culties in training and computation generally associated with them.The issue of full versus diagonal-Gaussian was revisited in the experiments for thesegmental mixture model, which used untied mixtures. In this case, since the model'sGaussian parameters were not shared, the number of parameters in the system scaledwith the size of the Gaussians, and the use of full-covariance matrices provoked thetraining and computational problems described above. In training, with relativelysmall numbers of Gaussians per mixture, the full-covariance matrix estimates weresingular and unusable. Furthermore, the computation for the full-covariance casewas nearly twice as slow as the diagonal covariances for the same number of mixturecomponents. In �gure 5.1, which compares the performance of full and diagonal-covariance matrices, we saw that the diagonal-covariance case has a higher error ratethan the same number of full-covariance Gaussians, but about the same error ratewhen the number of Gaussians is increased su�ciently. For the same recognitionperformance, the diagonal Gaussian models ran slightly faster than the full covari-ance models. For this model, the diagonal case was chosen, since special measureswere required to avoid singular estimates of full-covariance matrices and the resultingmodels held no advantage in terms of speed or recognition accuracy.The pattern of these two cases can be readily generalized. Full covariance modelsare most appropriate when the number of parameters does not scale with the sizeof individual component Gaussians, as in the tied-mixture case. Diagonal modelshold clear advantages for both trainability and recognition speed when the numberof parameters in a system is proportional to the number of Gaussian elements.



143Segmental versus Frame-based modelingThe segmental mixture allowed us to compare segmental modeling with frame-based models. The goal of the segmental mixture was to capture distinct segment-length trajectories in the acoustic space with di�erent mixture components. Thiscontrasts with independent-frame models in which there are no constraints to keepthe inconsistent trajectories of distinct acoustic realizations of a phone from intermix-ing. In the context-independent case, the segmental mixture had signi�cantly lowererror rate than the independent-frame models we tested. We saw in particular thatsegmental models with larger numbers of regions across the model performed betterthan those with fewer regions. This is consistent with results reported in investiga-tions of a microsegment mixture model [36], and with the notion that the increasedtime resolution a�orded by more regions serves to capture details of the acoustictrajectories that are necessarily blurred together in models with fewer regions.For context-dependent models however, segmental mixtures performed signi�-cantly worse than the independent-frame case. The exact cause of the problem isunclear, but there are two plausible contributing factors. We know that the amountof training per model is smaller in the context-dependent case and the number ofparameters in the segmental mixture model may simply require more training data.There is a second factor, related to the shortage of training, but distinct to the seg-mental nature of the model. The allophones of a phone are often assumed to share acommon acoustic \target" that is typically reached in the center of a phone with thevariation from the target increasing away from the center. Since segmental mixturesattempt to model complete acoustic trajectories with separate components, the train-ing for a target region may be split between the mixture components for the separatetrajectories of a model. As a result, the overall model of the target region may bevery poorly estimated in comparison with an independent-frame model for which thetraining for every region of the model is pooled together. For both reasons, some sort



144of parameter sharing mechanism that overcomes the particular challenge posed bysegment trajectory modeling is probably required for e�ective context modeling.The computational aspects of segment models in general are signi�cantly worsethan for frame-based models. For segment models, the probability of a phone for agiven speech segment may be computed in a completely di�erent manner for eachhypothesized begin and end time, and there may be no way to reuse partial scoresof segments in the dynamic programming search for the maximum probability la-bel sequence. In the particular case of the segmental mixture model however, theassumption of conditional independence of frames within a trajectory makes it pos-sible to reuse the frame scores when a model is scored against two di�erent speechsegments that overlap in time. In our implementation, however, the score cachingfor this involved considerable bookkeeping overhead and as a result, recognition wasnever quite as e�cient as in the frame-based case.7.3 Future DirectionsThere are a number of possibilities for further extensions of the issues addressed inthis work, some of which have been alluded to in the previous discussion. Improve-ments in frame-level density estimates seem to come from using models that havethe appropriate amount of detail for the training data being used. Mixture den-sities represent a very general mechanism that allow us to control the tradeo� ofrepresentational detail versus smoothness through various parameter tying schemes.Additionally, because of the high-dimensional spaces typical of frame-based features,it is important to use robust training methods that avoid local optima. As new tasksare addressed in speech recognition, it will be useful to have a means of automaticallydetermining the right degree of parameter tying rather than relying on extensive trialand error testing as is done now. Automatic distribution clustering addresses this



145problem to some extent at the frame level, but does not incorporate all of the variousparameter tying options. This is a di�cult optimization problem since the numberof parameters that may be tied is large and it is not possible to try them all.Another issue that will be important to investigate is the computational cost ofrecognition algorithms based on mixture distributions. The algorithms used in thisthesis, while perfectly acceptable for research purposes, would need to be signi�cantlyfaster for use in practical applications that are likely to require real-time response.Some initial work in this area for tied mixtures includes [7, 51].As noted earlier, as the amount of training increases, we are likely to see a limitin the improvements that can be made by simply increasing the resolution of frame-level densities. We expect that the highest performing systems of the future willhave to better account for the e�ects of correlation within and across frames. Modelsof correlation, like that given by the segmental mixture, may play an increasinglyimportant role.The segmental mixture model we have described can be extended in a numberof directions, in addition to the general improvements to the computational aspectsof mixture algorithms mentioned above. As discussed earlier, performance may besigni�cantly improved simply by increasing the amount of training data. Addition-ally, our results suggest the need for a selective tying mechanism that would stillallow di�erent mixture components to model distinct trajectories, but would alsopermit parameter sharing in those portions of a phoneme common to all trajectories.In this vein, it would also be interesting to compare the approach developed herewith a method using parameterized segmental trajectories, similar to the techniquesdiscussed by Gish and Ng [26]. Finally, the bene�ts of modeling time-frequency tra-jectories may be more pronounced for sequences longer than a single phoneme, suchas for syllables or words. The extension of this approach to longer units may requirea novel approach to the question of the frame-to-model warping, but it holds the



146promise of greater performance improvement.Posterior-based segment distributions, like the CIR formalism, are a relativelynew research topic in acoustic modeling and there is clearly much more to be learnedconcerning the properties of these models. One of the particular issues that still needsto be addressed in this area is context modeling. We pointed out theoretical problemsin some of the triphone-based formalisms that have been proposed by others, andpresented a mathematically consistent alternative for the left context case. Furtherwork is still needed to achieve high accuracy for context models, and in particular,the problem of �nding an e�ective, computationally feasible segmentation score muststill be resolved. One of the potentially very attractive aspects of posterior modelsthat we did not have time to investigate and that may address the context modelingproblem, is their ability to condition on larger windows of the observation sequence,potentially including an entire utterance. Unlike conditional density models, thereare no real mathematical obstacles to using this type of observation with segmentalposterior distributions. The practical issue of dealing with the increase in the numberof free parameters accompanying a larger observation sequence must be dealt with,but this approach may allow modeling the segmental e�ects of larger units of speechin a single distribution.
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