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relevant to speeh reognition, features for pith and energy are not usu-ally inluded with these standard MFCCs in the aousti feature vetor asthey have been found to often degrade performane. This degradation ouldbe explained by either diÆulty in estimating them or falsely assuming whattheir underlying distribution is. Traditionally, the remedy to the performanedegradations aused by using pith and energy has been to not use them atall in any part of developing the system.Aousti modeling in ASR, therefore, onsiders for time framesn = 1; : : : ; N , the sequene of aousti vetorsX = fx1; : : : ; xn; : : : ; xNg, as-soiated with a sequene of hidden, disrete states, Q = fq1; : : : ; qn; : : : ; qNg,where eah state qn an take one of K disrete values: f1; : : : ; k; : : : ;Kg,eah of these being assoiated with a spei� probability distribution. Eahdistribution then models the emission of eah xn at time frame n:p(xnjqn) (1)Usually, attempts to use pith or energy information in ASR were assoiatingwith eah xn an additional variable an, here referred to as an \auxiliaryvariable," yielding the sequene A = fa1; : : : ; an; : : : ; aNg. ASR was thenperformed by inorporating an in the emission distribution:p(xn; anjqn): (2)However, this usually degraded the reognition.While a disrete valued an is possible, we onsider ontinuous valued an,whih an have value an = z and an be either pith or energy values. We allan an auxiliary variable as it ontains information that is not itself importantfor reognition but whih has an impat on xn. With these auxiliary variables,we investigate here two approahes to properly using them in ASR:1. Conditioning the distribution of xn upon an, as done in [3℄. That is,using emission distributions of the form:p(xnjqn; an); (3)where an appears as a ontinuous onditional variable.2. Training with an but marginalizing it out (i.e. hiding it) in reognition,for example, in the ase of (2) with ontinuous an:p(xnjqn) = Z p(xn; anjqn) dan (4)We note here that this is similar in spirit to work done in missingfeature ASR [9℄, whih marginalizes out features that are assumed to beorrupted by noise. In the simplest ase, it ignores the noisy dimensionsof the feature vetor in alulating the emission likelihood.



These two approahes resemble what has already been done in the ase ofa disrete an representing gender [4℄. One method of using gender model-ing involves onditioning the distribution of xn upon the gender{having adistribution for males and a distribution for females, based on (3). The dis-tribution giving the highest likelihood when inserted into the ASR system isthen used. Alternatively, the two distributions an be summed for eah timeframe, in a parallel manner to the integration in (4).In this paper, we use DBNs as our framework for researh into auxiliaryvariables with ASR. They are losely related to HMMs but are a more generalframework that allows both the topology and the distributions to be easilymodi�ed (e.g., using (3) instead of (2)). Additionally, they allow the data tobe arbitrarily hidden, thus marginalizing it out, as in (4). This work buildsupon that of [11℄, whih used the same training database and similar featuresbut with single (onditional) Gaussians.In Setion 2 we will go into more detail about how an an be inorporatedusing the approahes proposed above. We do this work in the ontext ofDBNs, whih are explained in Setion 3. Setion 4 then gives more detailsof these pith and energy auxiliary features, followed in Setion 5 by theexperimental results. We onlude in Setion 6.2 AUXILIARY INFORMATIONWith both standard features xn (MFCCs in this work) and auxiliary featuresan (either pith or energy in this work) for time frame n, di�erent statistialindependene assumptions an be made between features. Here we proposethat xn needs to be dependent upon an; we then show how the resultingdistributions might be modeled. We also propose an assumption that anneeds to be marginalized out in reognition for ertain ases.Conditional Auxiliary Information.In standard ASR, the distribution of xn is dependent only on the disretehidden state qn, using a Gaussian distribution with mean vetor �xk andovariane matrix �xk for eah state qn = k:p(xnjqn = k) � Nx(�xk ;�xk) (5)�xk is normally assumed to be a diagonal ovariane matrix, thus ontainingnon-zero elements only along the diagonal. This implies that there is nostatistial orrelation between the dimensions within the Gaussian and, thus,redues the omplexity of the system. This Gaussian distribution, as wellas that of (6), (7), and (9) below, is based on Gaussian mixtures in ourexperiments, as is typially done in ASR. The exeption here is that wealways model an with a single Gaussian.In attempting to add an to the ASR models, the simplest manner is to



append it to the standard feature vetor xn, thus produing the Gaussian:p(xn; anjqn = k) � Nx;a(�x;ak ;�x;ak ) (6)With standard approahes, this would also assume a diagonal ovariane inthe expanded Gaussian, thus suggesting that there is no orrelation betweenan and xn. This is indeed the assumption, for example, between MFCCs andpith/energy: the MFCCs are assumed to have pith and energy removed(assuming that the zeroth oeÆient is not used). However, these auxiliaryfeatures are suh fundamental features of speeh, that it may be a very er-roneous to assume that they are unorrelated with xn. So, we propose that,onversely, there may be orrelation between xn and an an of either pith orenergy that needs to be modeled.To model the orrelation between xn and an, we therefore propose thatan should not be appended to xn as above. Rather, the distribution for xnshould be onditioned upon the ontinuous value of an, as in (3). However,the modeling of p(xnjqn = k; an = z) is not a straightforward task. Just asthere are many approahes to modeling (1), suh as Gaussians and arti�ialneural networks (ANNs), there may be many viable approahes to model-ing (3). If we had been using a disrete valued an with Z disrete values, astraightforward way would have been to have K �Z Gaussians for eah of thepossible values of (qn = k; an = z), thus resembling the approah to gendermodeling with ANNs in [4℄. However, with a ontinuous valued an, we needa distribution for value qn = k whih adapts itself to the ontinuous valuean = z. This adaptation ould involve linear methods (e.g., regression) ornon-linear methods (e.g., ANN). Furthermore, in order to be inorporatedinto the full DBN framework, it should have the neessary operators for dis-tributions in DBNs: marginalization to fewer dimensions, ombination withother like distributions, et.We have hosen to represent (3) as onditional Gaussians, whih havealready been inorporated into the DBN framework [5℄ and have also beenreently proposed by others in ASR researh [3℄:p(xnjqn = k; an = z) � Nx(uk;�xk); (7)where xn is modeled by a Gaussian whose mean is itself a regression on themean of xn and the value of an: uk = �xk + BTk z. The weight on �xk itself is1 while Bk is the matrix ontaining the weights upon z, the value of an. Adrawbak of this distribution is that �xk itself is not dependent upon z; so,the same �xk will be used no matter what value of uk is omputed using theregression. Using only this distribution to alulate the emission likelihoodsassumes that an itself is independent of qn, that is, p(anjqn) = p(an). (In theimplementation, (7) is atually multiplied by this value p(an)).However, with (7) we do have the further possibility of whether an itselfshould be onditioned upon qn, as was done in (6). This would be done ifthe evolution of A was assumed to be dependent upon that of Q. A simpleway to model an would be to use a Gaussian for eah qn = k:p(anjqn = k) � Na(�ak;�ak): (8)



Thus, the produt of (7) and (8) would be used to ompute the joint emissionlikelihood of xn and an:p(xnjqn = k; an) � p(anjqn = k) � Nx(uk;�xk)
Na(�ak ;�ak); (9)where 
 is the ombination operator for (onditional) Gaussians, as de�nedin [7℄. The di�erene between (9) and (6) is that we have here aounted forthe orrelation between xn and an.Marginalized Auxiliary Information.Missing feature theory in ASR [9℄ has proposed to marginalize out thosefeatures whih are noisy in reognition. Likewise, we propose a similar ideawith auxiliary information. We still would want to use the auxiliary infor-mation in training so as to extrat useful statistial information from it inorder to better estimate the parameters in the models. While the data orits supposed model may be noisy, the training has the advantage of having alarge amount of data over whih it an extrat relevant statistis. However,in reognition, there may be a lot of noise assoiated with the A presentedfor a single utterane. Using the estimated A (the \observed" A) in the emis-sion distributions may produe a faulty likelihood. In suh a ase, it may bebetter to hide the A, whih is aomplished by marginalizing it out of theemission distribution. In the ase of the emission distribution (6), where anis appended to the feature vetor, (4) illustrates this marginalization. Afterhaving been trained with onditional Gaussians, the emission distributions(7) and (9) may as well have problems with the noisy A. We an, therefore,obtain the distribution only for xn by hiding, and, thus, integrating over an:p(xnjqn) = Z p(xn; anjqn) dan = Z p(xnjqn; an) � p(anjqn) dan (10)� Z p(xnjqn; an) � p(an) dan: (11)where (10) applies to (9), where an is dependent upon qn and (11) applies tothe ase of (7), where we assume that p(an) = p(anjqn).3 DYNAMIC BAYESIAN NETWORKSIn our work, we inorporated auxiliary features in the DBN framework asit allows more exibility in struturing the topology of the distributions andin allowing variables to arbitrarily be observed or hidden. HMMs an alsomodel the same distributions and an have observed or hidden variables;however, they lak the generality in their algorithms that allows the topologyof the distributions and the spei�ation of hidden versus observed variablesto be hanged easily. So, we here outline what DBNs are and how they arevisualized when using auxiliary information in ASR.As illustrated in Figure 1, a DBN (a type of graphial model [1℄) is aprobabilisti model omposed of three items:



qn anxn qn anxn qn anxnqnxn(a) (d)(b) ()Figure 1: Portions of DBNs for time frame n (disrete variables having bold ver-ties), as initially proposed in [13℄: (a) for standard HMM-based ASR; (b) forstandard HMM-based ASR with onatenated an; () for ASR with xn onditionedon an and an onditioned on qn; (d) for ASR with xn onditioned on an. Based on(5), (6), (9), and (7), respetively.1. A set of variables V = fv11 ; : : : ; vw1 ; : : : ; vW1 ; : : : ; v1N ; : : : ; vwN ; : : : ; vWN g.That is, there are W variables, eah of whih is modeled over the Ntime frames. The variables in the DBNs in Figure 1 arefq1; a1; x1; : : : ; qN ; aN ; xNg.2. A direted ayli graph (DAG), with a one-to-one mapping betweeneah of its verties and eah vwn 2 V .3. For eah vwn 2 V , a loal probability distribution whih is onditionedupon the values of its parents in the DAG:P (vwn jparents(vwn )): (12)For example, the loal probability distribution of xn in Figure 1 () isp(xnjparents(xn)) = p(xnjqn; an), whih is the same as (7).The joint distribution of V is then de�ned as the produt of all the loalprobability distributions:P (V ) = Yvwn2V P (vwn jparents(vwn )) (13)For a disrete vwn with zero or more disrete parents, its loal probabilitydistribution is de�ned by a table of disrete probabilities (it is not allowedto have any ontinuous parents in this framework). For a ontinuous vwn , itsloal probability distribution is de�ned by a Gaussian if it has no ontinuousparents or by a onditional Gaussian if it has ontinuous parents; if thereare disrete parents, there will be a (onditional) Gaussian for eah possibleinstantiation of the disrete parents. In the ase of having ontinuous parents,the onditional Gaussian's mean is a regression on the mean of vwn itself andon the values of the ontinuous parents.We use the inferene algorithm in [7℄ to ompute P (vwn jO), the poste-rior marginal distribution of vwn given all of the observations O, as well asP (OjV ), the likelihood of the observations. For example, if in the DBN inFigure 1 (), we have the observation an = 2:5, the inferene algorithm wouldgive the posterior marginals of P (qnjan = 2:5) and p(xnjan = 2:5) as well as



the likelihood of the observation p(an = 2:5). Any variable an be observedor hidden, regardless of whether it is ontinuous or disrete valued. The om-puted posterior marginal distributions an be used for the expeted ountsin expetation-maximization (EM) training [6℄ for learning the disrete prob-abilities P (�), the means �, the regression weights B, and the ovarianes�.4 PITCH AND ENERGY AS AUXILIARY VARIABLESIn a �rst set of experiments, the auxiliary variable an was de�ned as thepith value at time frame n. In our ase, this pith value, whih we de�nedhere as being the fundamental frequeny F0, was estimated using the simpleinverse �lter traking (SIFT) algorithm [8℄, whih is based on an inverse�lter formulation. This method retains the advantages of the autoorrelationand epstral analysis tehniques. The speeh signal is pre�ltered by a lowpass �lter with a ut-o� frequeny of 800 Hz, and the output of the �lter issampled at 2 kHz before omputing the inverse �lter oeÆients using theDurbin algorithm. While a fundamental property of the speeh signal, it isa hard feature to estimate. Thus, any estimation of pith will have inherentnoise in it.In a seond set of experiments, the auxiliary variable an was de�ned asthe short-term energy and was omputed as follows:an = 1C TXt=1 s2n[t℄ � w2[t℄ (14)where fsn[1℄; : : : ; sn[t℄; : : : ; sn[T ℄g is the speeh signal of T samples assoi-ated with time frame n, and fw[1℄; : : : ; w[t℄; : : : ; w[T ℄g is a Hamming window,and C is a normalizing onstant used to give manageable values for the short-term energy. It is straightforward to estimate in lean speeh but harder toestimate in noisy speeh.5 EXPERIMENTSUsing the PhoneBook telephone speeh orpus [10℄ with the small train-ing set de�ned in [2℄, we train four types of DBN systems to do speaker-independent, task-independent, small voabulary (75 words) isolated-wordreognition. There are 41 ontext-independent, three-state phones in thesesystems, as well as initial silene and end silene models. Training was doneusing the EM algorithm, using a onvergene riterion of stopping one itera-tion after the log-likelihood of the training data inreased by less than 0:1%over that of the previous iteration. Eah system with auxiliary informationwas tested two times on the test utteranes de�ned in [2℄.Similarly to [13℄, mel-frequeny epstral oeÆients (MFCCs) are ex-trated from the speeh signal, sampled at 8 kHz, using a window of 25 ms



DBN Eq Mix Obs. Pith Hid. PithFigure 1 (a) (Baseline) (5) 4 5.9% (21k)Figure 1 (a) (Baseline) (5) 6 4.3% (32k)Figure 1 (b) (6) 4 60.5% (22k) 19.2% (21k)Figure 1 () (9) 4 48.9% (32k) 6.2% (21k)Figure 1 (d) (7) 4 5.3% (32k) 6.0% (21k)Table 1: Pith. Word error rates (WERs) (and number of parameters)using Pith as an auxiliary variable. The labels of the underlying equa-tions and the number of Gaussian mixtures for xn (an has a single Gaus-sian) are also given. Equation (5) is equivalent to standard HMM-basedASR using only xn while (6) is equivalent to standard HMM-based ASRusing xn and an in a single feature vetor (exept that an has a sin-gle Gaussian). Equations (9) and (7) use onditional Gaussians, with (7)treating an as independent of qn. With \hidden" an, we are marginaliz-ing it out of the emission distribution. Systems with a similar number ofparameters are to be grouped together for performane omparisonsagainst the respetive baseline system.with a shift of 8.3 ms for eah suessive frame. xn is omposed of the fol-lowing MFCC elements: C1; : : : ; C10;�C1; : : : ;�C10;�C0, where Ci is theith MFCC and �Ci is its approximate �rst derivative.The reognition results where an is pith and where an is short-termenergy, as well as for the baseline xn-only systems, are given in Tables 1 & 2,respetively. When marginalizing over an, its parameters are removed, havingbeen merged into the parameters for xn, as shown in (4), (10), and (11). Thus,the WERs with hidden (marginalized out) A show a lower e�etive numberof parameters than when A is observed. Therefore, with A marginalized outin an auxiliary system, it has essentially the same struture and parametersas a baseline; the di�erene is that the parameters have been trained using anauxiliary variable. This is the reason for two baseline systems: for omparingagainst a baseline system, we use a system that has the same e�etive numberof parameters. We note that it was not our intention to �nd the number ofmixtures whih gives eah system its optimum performane. Rather, withineah set of experiments, we wanted to have systems that were omparable inthe number of parameters.These results on�rm the diÆulty in inorporating auxiliary informationin the traditional way, using (6), whih provides a very poor reognitionWER of 60:5% for pith and 28:9% for energy. Furthermore, they showDBN Eq Mix Obs. Energy Hid. EnergyFigure 1 (a) (Baseline) (5) 4 5.9% (21k)Figure 1 (a) (Baseline) (5) 6 4.3% (32k)Figure 1 (b) (6) 4 28.9% (22k) 6.3% (21k)Figure 1 () (9) 4 27.4% (32k) 5.9% (21k)Figure 1 (d) (7) 4 5.9% (32k) 19.4% (21k)Table 2: Energy. Word error rates (WERs) using short-term energyas an auxiliary variable, presented as in Table 1.



the great improvement we an ahieve by letting an ondition xn's emissiondistribution. That is, by using a onditional Gaussian for xn, as in (7),instead of (6), we dereased the WER by a relative 91% (60:5% to 5:3%) forpith and 80% (28:9% to 5:9%) for energy. It is the system with (7) whereobserved pith or energy auxiliary information provides its most promisingresults.Marginalization (i.e., using hidden auxiliary information) dramatiallyinreases the performane of the poorly performing systems, those using (6)or (9), with pith or energy auxiliary information. Moreover, marginalizingout an on the systems using (9) \reovers" the performane of the baselinesystem with four mixtures. Marginalization of those using (7), however, hasa negative e�et on performane. As this is done using (11), the prior p(an) isused, whih was not learned in training but was just de�ned using the mean(and variane) of an aross all of the training data. Using a global mean foran may have introdued problems in omputing the marginals.6 CONCLUSIONWe have presented a new approah for properly inluding auxiliary variablesin standard ASR. Although it is not yet perfet, the results reported heredemonstrate the validity of this approah. While the results here do notimprove over the baseline approah, earlier results showed how disretizedpith auxiliary information does bring improvement [12℄. So ontinuous aux-iliary information, as was used in the urrent work, still has the potential toimprove over the baseline within the urrent framework.More work is now required using ontinuous auxiliary variables. First,we need to improve the estimation of the auxiliary variables. For example,with energy, this ould involve using the logarithm of the energy, using alonger-term energy, or in using the energy of a frequeny sub-band (as donein [3℄). Seond, better distributions (e.g. Gaussian mixtures) may be neededto better model an instead of just single Gaussians. Finally, equivalenelasses (a form of parameter tying [13℄) to model an onditioned upon qnmay prove to be more robust; these ould be used, for example, to havean onditioned on broad lasses of qn, suh as vowels and onsonants, thushaving a hybrid between (9) and (7).ACKNOWLEDGMENTSTodd A. Stephenson and Mathew Magimai-Doss are supported by the SwissNational Siene Foundation under grants FN 2000-064172.00/1 and FN2100-057245.99/1, respetively. Andrew Morris provided useful insight intomissing feature theory.
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