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Abstract—Hidden Markov models (HMM's) for automatic — on the hidden states, acoustic features are modeled by mixtures
speech recognition rely on high-dimensional feature vectors to of Gaussian PDF’s witdiagonalcovariance matrices. The rea-

summarize the short-time properties of speech. Correlations gqns for this practice are well known. The use of full covari-
between features can arise when the speech signal is nonstationary tri . h tati | burd King it
or corrupted by noise. We investigate how to model these correla- ance matrices Imposes a heavy computational buraen, maxing 1

tions using factor analysis, a statistical method for dimensionality difficult to achieve real-time recognition. Moreover, one rarely
reduction. Factor analysis uses a small number of parameters to has enough data to (reliably) estimate full covariance matrices.
model the covariance structure of high dimensional data. These Some of these disadvantages can be overcome by parameter-
parameters can be chosen in two ways: 1) to maximize the like- yinq 151 e g., sharing the covariance matrices across different

lihood of observed speech signals, or 2) to minimize the number tat dels. But ter-tving has it d backs: it
of classification errors. We derive an expectation—maximization states or models. but parameter-tying has Its own drawbacks. |

(EM) algorithm for maximum likelihood estimation and a gra- ~ considerably complicates the training and decoding procedures,
dient descent algorithm for improved class discrimination. Speech and it requires some artistry to design the tied HMM's.
recognizers are evaluated on two tasks, one small-sized vocabulary  Unconstrained and diagonal covariance matrices clearly rep-
(connected alpha-digits) and one medium-sized vocabulary (New resent o extreme choices for the hidden Markov modeling of
Jersey town names). We find that modeling feature correlations _ .
by factor analysis leads to significantly increased likelihoods and speech. The statlstlcal method of factor analysis [7], [24] .repre-
word accuracies. Moreover, the rate of improvement with model S€nts a compromise between these two extremes. The idea be-
size often exceeds that observed in conventional HMM's. hind factor analysis is to map systematic variations of the data
Index Terms—Automatic speech recognition, discriminative into a lower dimensional subspace. This enable_s one to_ repre-
training factor analysis, expectation-maximization (EM) algo- Sent,inavery compactway, the covariance matrices for high di-
rithm. mensional data. These matrices are expressed in terms of asmall
number of parameters that model the most significant correla-
tions without incurring much overhead in time or memory. For
this reason, we shall often refer to factor analysis as a strategy
IDDEN Markov models (HMM'’s) for automatic speechfor dimensionality reduction [18]. However, it should be em-
recognition [21] rely on high dimensional feature vecphasized that factor analysis does not merely project a high di-
tors to summarize the short-time, acoustic properties of speegtensional feature vector into a low dimensional one.
Though front-ends vary from recognizer to recognizer, the spec-n this paper, we investigate the combined use of mixture
tral information in each frame of speech is typically codified imodels and factor analysis in HMM'’s for automatic speech
a feature vector with thirty or more dimensions. In most sygecognition. Applying factor analysis at the state and mix-
tems, these vectors are conditionally modeled by mixtures toke component level [9], [11] results in a powerful form of
Gaussian probability density functions (PDF'’s). In this case, tilémensionality reduction, one tailored to the local properties
correlations between different features are represented in tgfospeech. This approach effectively combines two popular
ways [16]: implicitly by the use of two or more mixture com-strategies in probabilistic modeling—clustering and dimen-
ponents, and explicitly by the nondiagonal elements in each &fenality reduction. The combination of these two methods
variance matrix. Naturally, these strategies for modeling corrgives rise to docal linear model—local, because each mixture
lations—implicit versus explicit—involve tradeoffs in accuracycomponent models different facets of the data, and linear,
speed, and memory. This paper examines these tradeoffs ugiggause the dimensionality reduction is geared to Gaussian
the statistical method of factor analysis. mixture components. Many variants on local linear models
The present work is motivated by the following observatiomave been proposed in the machine learning literature. Suc-
Currently, many HMM-based recognizers do not include amessful applications include handwritten digit recognition [11],
explicit modeling of correlations; that is to say—conditionedata compression [14], nonlinear image interpolation [3], and
articulatory modeling of electropalatographic data [4].
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[17]. In this paper, we derive both an expectation-maximizatiaf the variations ire. To this end, le € R/ denote a Gaussian

(EM) algorithm for maximum likelihood estimation and a grarandom variable with zero mean and identity covariance matrix

dient descent algorithm for improved class discrimination. To
| , _ —f/2 _1,T

the best of our knowledge, neither form of factor analysis has P(z) = (2m) exp{-37 z}. @)

been previously applied to hidden Markov models for automatjge now imagine that the variabieis generated by a random
speech recognition. process in whickx is a latent (or hidden) variable; the elements
Briefly, the organization of this paper is as follows. In Sectiogf  are known as théactors Let A denote an arbitrary? x f
I, we review the method of factor analysis and describe Wha{atrix, and let denote adiagonal positive-definiteD x D
makes it attractive for large problems in speech recognition. fRatrix. We imagine that is generated by samplingfrom (3),
Sections lll and IV, we present the learning algorithms for maxpmputing theD-dimensional vectof: + Az, then adding inde-
imum likelihood (ML) and minimum classification error (MCE)pendent Gaussian noise with variandes to each component
factor analysis. In Section V, we give results on two tasks b this vector. The matri¥ is known as théactor loadingma-

automatic speech recognition: connected alpha-digits and NgW. The relation betweesn andz is captured by the conditional
Jersey town names. Finally, in Section VI, we present our COflistribution

clusions as well as ideas for future research. |1/

(2m)D/2
- exp {—%[z —p— APV — o — Az]} . (2

P(z|z) =
Il. DIMENSIONALITY REDUCTION

Factor analysis [7], [24] is #near method for the dimen-
sionality reduction of Gaussian random variables. It is closeRhe marginal distribution foes is found by integrating out
related to principal components analysis (PCA) [6] in whicthe hidden variablez, or P(z) = [ dzP(z|z)P(z). The
one extracts the subspace defined by the largest eigenveceaigulation is straightforward because bdtlz) and P(x|z)
of the covariance matrix. In traditional PCA, the data vectogye Gaussian
are projected into this subspace, resulting in a simple form of U+ AAT|1/2
dimensionality reduction. Though straightforward, PCA has (%) = anE
two important disadvantages: 1) it does not define a proper _
density model outside the subspace of principal components; rexp {—slz - p (U +AA) Tz —pl}. (3)
and 2) componentwise variations outside this subspace afgm (3), we see thatis normally distributed with mega and
modeled uniformly, even when the data does not warrant sugévariance matrix + AA7. It follows that when the diagonal
an assumption. These disadvantages are serious drawbagments ofl are small, most of the variation inoccurs in the
for HMM-based speech recognition. The first underminegbspace(A) spanned by the columns af The varianced’;;
the probabilistic formulation of HMM's, while the secondmeasure the typical size of componentwise fluctuations outside
precludes the use of composite data vectors (e.g., cepstra phi§ subspace. In general, these variances may be quite different
delta-cepstra) that combine features at different scales. Fagtg one another. Hence, unlike PCA, (3) can model a distribu-
analysis does not suffer from either of these drawbacks, thougdh in which two vectors with the same projection orsta)
it does contain traditional PCA (and also probabilistic versiofiayve quite different likelihoods.
of PCA [23], [27]) as a special limiting case. Covariance matrices of the ford + AAY have a number

Having described factor analysis as a linear method, W useful properties. Most importantly, they are expressed in
should emphasize that its application is not limited to strictiérms of a small number of parameters, namely£Hg + 1)
Gaussian PDF’s. The combined use of mixture densities agghzero elements of and. If f < D, then storingh and¥
factor analysis—resulting in aonlinear form of dimension- requires much less memory than storing a full covariance ma-
ality reduction—was first applied by Hintoet al. [11] to the ix. ikewise, estimating\ and¥ also requires much less data
modeling of handwritten digits. Essentially, a mixture of factopan estimating a full covariance matrix. Covariance matrices of

analyzers patches together the linear subspaces defined bynii§ form can be efficiently inverted using the matrix inversion
individual components to parameterize a globally nonlinefgmma [20]

(but low-dimensional) manifold. - . . T 1 Tt
In this section, we first review the method of factor analysis(¥ + AA™) ™" = U7 — U A(I+ AT A)TATET (4)

for multivariate Gaussian PDF’s. We then extend the method\%ere] is the f x f identity matrix. This decomposition also

mflxture m(t)delstgndtf:onfunuous.(;jenzlty HMNLSI‘ T.hespr?.blea:llows one to compute the probabilify(z) with only O(f D)
of parameter estimalion IS considered separately in sections ultiplies, as opposed to thig D?) multiplies that are normally

and V. required when the covariance matrix is nondiagonal. We will
refer to covariance matrices of the forin+ AA? asfactored
covariance matrices. As a theoretical aside, note that if we allow

Letz € R” denote a Gaussian random variable with meahe number of factors to equal the number of dimensions (i.e.,
u. If the number of dimensiond), is very large, it may be pro- f = D), then we recover the ability to parameterize an arbitrary
hibitively expensive to estimate, store, multiply, or invert a fulkovariance matrix}/ . This is done by choosing the columns of
covariance matrix. The idea behind factor analysis is to findthe factor loading matrix}, to be parallel to the eigenvectors
subspace of much lower dimensighs D, that captures most of A4

A. Multivariate Gaussian PDF
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Viewing factor analysis as a latent variable model, we carorrelations to arise from coarticulation effects, background
also compute the posterior distributiaR(z|x). The statistics noise, speaker idiosyncrasies, etc.
of this distribution are derived in Appendix A. Computing the
posterior statistics of the hidden variakiés an important step lll. M AXIMUM LIKELIHOOD FACTOR ANALYSIS
in the EM algorithm for ML factor analysis. We will return to

T . The simplest learning criterion for continuous densit
the problem of parameter estimation in Section Ill. b 9 y

HMM’s is to maximize the likelihood of observed speech
] signals. The expectation-maximization (EM) algorithm [24] is
B. Hidden Markov Models a general iterative procedure for estimating the parameters of
Nearly all speech recognizers rely on Gaussian PDF's latent variable models. In this section, we begin by reviewing
model the short-term properties of speech. These PDF’s &ne EM algorithm for maximum likelihood factor analysis [24].
associated with the state emission densities of continuolisis is done for the multivariate Gaussian PDF of Section
density HMM'’s. Often, the dimensionality of acoustic featurd-A. We then consider the extension to mixture models and
vectors is too large for these PDF’s to employ full covariangentinuous density HMM’s. The EM algorithm for mixtures of
matrices. Instead, correlations are modeled implicitly biactor analyzers was first derived by Ghahrametral. [9].
mixtures of Gaussians with diagonal covariance matrices.
Intuitively, one might expect the mixture components to modé- Multivariate Gaussian PDF
discrete types of variability, such as the speaker's genderConsider the multivariate Gaussian PDF from (3). Appealing
or local dialect. However, mixture models are not geared to its representation as a latent variable model, we may derive
modeling continuous types of variability, as might arise froran EM algorithm for obtaining maximum likelihood (ML) es-
coarticulation effects or background noise. Clearly, both typémates of the parameters, ¥, and u. For the parameteg,
of variability—discrete and continuous—are important fo#n iterative procedure is not generally required, since one can
building accurate models of speech. Factor analysis providgmply setu equal to the sample mean (which is the ML es-
a way to model continuous variability without incurring the@imate). However, by deriving the EM algorithm here in full
overhead associated with full covariance matrices. generality, we will considerably simplify the extension (Section
Consider a continuous density HMM whose feature vecton$i-B) to mixture models and continuous density HMM’s. In this
conditioned on the hidden states, are modeled by mixturesregpect, our derivation of ML factor analysis will differ slightly
Gaussian PDF’s. A mixture of factor analyzers [9] is a mixturfom standard treatments.
of Gaussian PDF’s, each having the form of (3). We can useTo begin, let{z,,}_; denote a sample d¥f data points. The
these models as output distributions for each hidden state EM procedure is a two-step iterative procedure for maximizing
the log-likelihoody) " In P(=,), with P(x,) given by (3). The

P(zls) =) Pcls)P(a]s, c) ®) E-step of this procedure is to compute thefunction
\Ijsc + ASCASC N Lo~ o~
P(z|s, ¢) = (2n)D72 = zﬂ: / dz P(z|y, p, A, V) In Pz, z,|pp, A, ). (7)

1 T Ty-1
rexp { =g [2 = ol (oe + Aoedse) " — el - (6) The right hand side of (7) depends @n A and ¥ through
The mixture components in (5) and (6) are indexed by the sube statistics of the posterior distributio®(z|z,, p, A, ¥).
script ¢. All of the recursive algorithms for computing statisSome useful properties of this distribution are summarized in
tics in HMM'’s can be applied to these models. The main difAppendix A. Of particular importance are the posterior statis-
ference—or advantage—is that here one can compigs) tics
with fewer operations than is normally required for full covari-

_ Tay—L1A1-L AT -1 _
ance matrices. This is done by exploiting the special structure of Elzlzn] = [+ AU A AT (20 — ) (8)

factored covariance matrices, as shown by (4). We will refer to E[6262" |z,] = [[ + ATU1A]! 9)
these models as FA-HMM’s and to HMM'’s with diagonal co-
variance matrices as DG-HMM’s. where the shorthanélz in (9) denotes the variation about the

Clearly, an important consideration when applying factaonditional mean, 06z = z — E[z|z,]. Note that the condi-
analysis to speech recognition is the choice of acoustic featuriisnal covarianceR[6z6z" |,,], does not depend on the partic-
In our experiments, we used a thirty-nine dimensional featunéar value ofr,,; as a practical matter, this means that it does not
vector consisting of the first twelve cepstral coefficients (withave to be recomputed for each data point.
first and second derivatives) and the normalized log-energyThe M-step of the EM algorithm is to maximize the right hand
(with first and second derivatives). There are known to tside of (7) with respect tfi, ¥, andA. To this end, let us define
correlations [16] between these features, especially betwebka new vector quantities
the different types of coefficients (e.g., cepstrum and delta-cep-

1
strum). While these correlations have motivated our use of Az, =z, — N Z T (10)
factor analysis, it is worth emphasizing that the method applies k
to arbitrary feature vectors. Indeed, whatever features are used Az, = E[z|z,] - L Z Elz|z1] (11)
n n N v ]

to summarize the short-time properties of speech, one expects T
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These quantities measure the variation of each data point andhitenber of feature vectors) attributed to stagsd mixture com-
expected factors about the sample means. Notedhgt and ponent. The parameter updates for FA-HMM'’s may be viewed
Az, are measures of sample variance, as opposed to postegi®oa specialization of (12)—(14) to each hidden state and mixture
averages such a%[azazﬂxn], which measure the uncertaintycomponent, in which the observationgs are weighted by their

in P(z|z,) induced by a single data point. The definitions oposterior probabilitiesy:°. Analogous to (10) and (11), we de-
Az, and Az, are useful insofar as they allow us to write thdine for each state and mixture component the vector quantities
EM updates in an especially compact form. In Appendix B, we

1
show that maximizing (7) leads to the iterative updates Az} =z, — Vo > vica (15)
k
~ . 1
A <Z<Mn><AZn> ) AZf = Bulzle,] - 5 Y0 9iEulela]  (16)
" k

—1
. <Z[E[6z6zT|:cn] + (Azn)(Azn)T]> (12) whereFE, [z|z,] denotes an expectation with respect to the pos-
n terior distribution,P(z|z, s, = s, ¢, = ¢). In terms of these

1 R vectors, the EM updates are given by
in— I Z(xn — AE[z|z,]) (13)
. Koo (Z ’VZC(AwZC)(AZZC)T>
Wi — = > _[(Azy — AAz,)} + (AE[8262" |2,]AT )] " .
’ (14) ' <Z Ve [Bac[8262" ] + (Asz)(Asz)T]>

where¥;, are the diagonal elements @ These updates are a7
guaranteed to converge monotonically to a (possibly local) ex- 1
tremum of the log-likelihood. Note that it is important to per- i, — Noe Z Y&y — NseEselz|Tn]) (18)
form the updates in the order shown, since (for example) the n
p-update depends on the re-estimated valug. M aturally, for - 1 o - o
A = 0 the updates in (13) and (14) reduce to the ML estimates [Woclii Noe Z T (A2 = Ase AZE);
for independent Gaussian random variables. " - -

The reestimation equations are supported by various intu- + (AscBsc[62627 0] AL )il (19)

itions. In (12), for example, the factor loading matrix is reesrpe reader should note the similarities in structure between

timated by finding the least-squares solution that projects tl(ﬁ)_(lg) and (12)—(14). The FA-HMM updates have es-

variation inz (about its mean) into a lower dimensional SUbéentiaIIy the same form as (12)—(14), except that now each
space. In (13), the mean is used to account for the average o

. i . ervatione,, is weighted by the posterior probability;°.
between each observation and its reconstruction by the factorsa ¢ \,sual. in the case where multiple sequences are available

Finally, in (14), the variances are used to account for two tyPg§ {raining data, the sums oveshould be interpreted as sums

of variation inz: those outside the dimensionality-reduced S“%’ver sequences as well [21]. Finally, we note that the updates for

space (Fhe first term on the right hand side), and those within tﬁ]}‘?xture weights and transition matrices in FA-HMM'’s are iden-
dimensionality-reduced subspace (the second term). Al th%ﬁ%l to those in conventional HMM’s [21]. (This should be clear

intuitions extend to the more elaborate models considered in g]ﬁce FA-HMM'’s form a subset of HMM's whose Gaussian
next section. PDF’s employ full covariance matrices.)

B. Hidden Markov Models IV. MINIMUM CLASSIFICATION ERRORFACTOR ANALYSIS

One can readily integrate the EM algorithm for factor anal- Ultimately, we evaluate a speech recognizer by its accuracy,
ysis into the ML training of continuous density HMM'’s. Thenot by the likelihood scores of its component HMM's. Hence,
parameter updates for FA-HMM'’s have a similar structure tmaximizing the likelihood—while arguably the simplest crite-
the Baum—Welch updates for conventional HMM’s (i.e., thosgon for parameter estimation—is not always the most desirable
whose Gaussian PDF’s employ diagonal or full covariance mare. In fact, because continuous density HMM's represent only
trices). In fact, the main novelties—which arise from the speciapproximately correct models of speech, maximum likelihood
form of factored covariance matrices—were introduced in thestimates are not guaranteed to produce accurate recognizers,
previous section. even in the limit of infinite training data. Moreover, empirically

With that in mind, let us reconsider the HMM whose obit is well known that maximizing likelihoods does not always
servations are conditionally modeled by (5) and (6). Supposanslate into minimizing error rates. We will see an example of
thatz = {z,} represents a sequence of training data. Thkis—for connected alpha-digits—in Section V-A.
forward—backward procedure [21] enables one to compute thd=or all these reasons, many researchers have proposed
posterior probabilityy2¢ = P(s, = s, ¢, = c|z), that the alternative criteria for parameter estimation that more directly
HMM used states and mixture componemtto generate;,,. Let relate to the empirical error rate [1], [12], [13], [17]. In this
Ns. = >, ¢ denote the total probability mass (effective paper, we consider the minimum classification error (MCE)
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criterion as described by Juaegal. [12]. For each utterance, provides a smooth measure of the misclassification,ofThe

the MCE criterion relates the event of a recognition errdfiCE loss function is obtained by substituting this smoothed

to the log-likelihood ratio between correct and competinigg-likelihood ratio into a sigmoid function

hypotheses, where each hypothesis represents one possible 1 1

labeling of hidden states. In this section, we show that this type J = N Z 1+ exp(—d(zn) (23)

of discriminative training can be applied to FA-HMM'’s. To n P "

keep the paper self-contained, we begin by reviewing the basinor variations [12] on this loss function can also be consid-

framework for MCE parameter estimation. We then considereaed by generalizing the softmax and sigmoid functions. The

simple example—how to train a classifier based on competingportant result is that (23) is a smooth function of the log-like-

Gaussian PDF’s. This example is analyzed for the special cé®eods,In P(x,, |y).

of factored covariance matrices. Finally, in the last part of the The goal of discriminative training is to minimize the MCE

section, we extend the method to continuous density HMM’sloss function with respect to the paramet@sWe can update
these parameters by gradient descent, in which at each iteration

A. Discriminative Training aJ

Let {z,, . })_, denote a labeled sample of data points, ¢ =@ —n(®) o (24)

where the labely, indicates thatr, belongs to one oV \here (@) is a positive learning rate, or more generally, a
classes. If we have statistical models for the class-conditiongsitive-definite matrix. Note that in the MCE loss function,

distributions, P(z|y), then we can construct the maximum (23) all the dependence @nenters through the log-likelinoods,
posteriori (MAP) classifier that labels each point by its mosf;; p(4|y/). We can therefore use the chain rule

probable assignment
al aJ aln P(z|y)
C(z) = arg max(ln Plz|y)P(y)]- (20) 9% & OlnP(aly) 0%

(25)

For simplicity, let us assume that the class labels kepgori  to decompose the partial derivatives in (24). Equations
equal probabilities, oP(y) = 1/, so that the rightmost term (22)—(25) provide the general framework for MCE parameter
in (20) can be ignored. The empirical error rate on the trainingtimation. The specific form of the update equations neces-

data,J, is then given by sarily depends on the parameterization of the class-conditional
] P distributions, P(z|y). For a given parameterization, however,
_ (@nly) : . ) )
J = N E S/ max In Planlyn) (21)  the only requirement is to compute the gradients with respect to

®. In the rest of this section, we examine two cases of special
where ©(-) denotes the unit threshold function, and the magterest.

operation ranges over all labels except the correct one. Note that

(21) computes the classification error for each data point in tvi® Multivariate Gaussian PDF’'s

steps. First, the max operation is used to find the most IlkerSuppose that the class-conditional distributions are mul-

incorrecthypothesis. Second, the threshold function is used {Qariate Gaussian PDF’s with factored covariance matrices.
register an error if this hypothesisrisorelikely than the correct piscriminative training requires us to compute the gradients of

one. - In P(z|y), where for a particular class
Suppose now that the statistical modef§z|y), are ex-
pressed smoothly in terms of parameteps,at our disposal. (zly) = | @ + AAT|71/2
In what follows, we will assume this dependence implicitly, (2m)P/2
rather than writing outP(z|y; ®) wherever we encounter cexp {—L[x — w7 (T +AAT) "z — p]} . (26)

probabilities. The goal of discriminative training is to find the
parameter values that minimize the empirical error rate. Nofe€t M = ¥ + AA” denote the covariance matrix in (26). In
however, that (21) does not define a differentiable functiofyPPendix C, we show that the gradientslofP(z|y) are given

of the log-likelihoods: both the step function and the maky
operation give rise to singular gradients. This makes it difficult

to directly minimize the empirical error rate. Our strategy, 9 ln P(x|y)] = —[M ' (z — p)]; (27)
following earlier work [12], is to construct a smooth objective i

function that mimics the behavior of (21). This is done in 4

two steps. First, we replace the max operation by a softmax: 57— [In P(z|y)]

1]

maxy 2, ~ In Y, ¢*. Second, we replace the threshold _ _ _
; = [M7 ALy — [M ™z — p)li[(x — w)" MTHA]; (28)

function by a sigmoid function©(z) ~ [1 + e~*]7!. In
particular, for thenth data point, let 9 1 .
—— [In Plzly)] = = {M;' — [M " (z —w)]? 29
dw) =tn 3" Plaly) — In Pl ) 22) oy, 2 Pyl =5 My = [M™ @ -} (29)
Y7#Yn
denote the log-likelihood-ratio between the softmax-smoothedt the number of classes, is very large, one can restrict the sum oyen
competing hypothesisind the correct one. The functidfe,,) (22)to the N-best alternatives, wher®¥ < V.
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where[-]; denotes théth vector element. The inverse covarinent, one considers a different positive-definite mati¢d),

ance matrixA/ —! that appears in (27)—(29) can be computethat multiplies the gradients in the learning rule. In particular,

efficiently using the lemma in (4). Naturally, these gradienthis matrix is used to scale t69/9ps.), (9/0A,.)) gradients

also reduce to the correct form for diagonal covariance matricéy, the variancesV .. In the experiments that follow, we com-

when no factors are present. puted the MCE loss function for each utterance, and updated the
The parameter updates for class-conditional Gaussian PDp&ameters on an utterance-by-utterance basis. In addition, the

are computed from (24) and (25). In practice, one chooses a pssftmax in (22) was approximated by considering only the four

itive-definite matrix,;n(®), to ensure that each parameter updateest alternatives to the correct segmentation. In these respects

has roughly the same magnitude effect on the MCE loss furand others, we followed the procedure outlined in earlier work

tion. This is achieved by scaling théa/du), (9/9A)) gradi- [12].

ents by the variancel. Also, as is standard practice [12], the

variance parameters are updated in the log domain to enforce V. EXPERIMENTS

the constraint of nonnegativity.
Continuous density HMM’s were evaluated on two tasks in

C. Hidden Markov Models automatic speech rec_ogniti_on, one small-sized vocabulary (36
. ) ) L . words) and one medium-sized vocabulary (1219 words). The
In this section, we consider how discriminative training cagame front end was applied to both tasks. For signal processing,
be applied to FA-HMM's for automatic speech recognitionyayeforms were pre-emphasized and blocked into 30 ms
Suppose that FA-HMM's are being used to model subwogdh a5 at every 10 ms interval. For feature extraction, frames
units, such as context-dependent phones. Training data in fji§e Hamming windowed, autocorrelated, and processed by
setting consists of variable-length utterances and their sggc cepstral analysis to produce a vector of twelve liftered
mentations into strings of phones or sub-phones. In particulggnsiral coefficients. The feature vector was then augmented by
the segmentations label each frame of speech by the state gk dormalized log energy value, as well as temporal derivatives
particular HMM. We can naturally view these labelstagets ot first and second order. Overall, each frame of speech was

for the Viterbi decoding of the recognizer. Leaming to matCfescribed by thirty nine features. These input features were fed
these targets is a form of MCE parameter estimation, where m?ectly to the HMM’s described below.

class-conditional distributions of (21) are the state-emission
densities of HMM'’s, and the hypotheses in (22) range over tt&e
possible segmentations of each recognized utterance. Here w
consider the special case where the feature vectors, conditionefiS & small vocabulary task, we considered the recognition of
on the hidden states, are modeled by mixtures of GaussfRhanumeric strings (e.g., NZ3V J4 E 3 U 2). Easily con-
PDF'’s with factored covariance matrices. fused letters such as B/P, C/Z, and M/N make this a challenging
For this type of discriminative training, we must compute thBroblem in speech recognition. The training and test data [25]
gradients of the state-emission densities with respect to their fl-this task were recorded over a telephone network and con-
rameters. In FA-HMM's, these distributions are given by (5) an®iSted of 14622 and 7255 utterances, respectively. The speech
(6). The gradients for mixtures of factor analyzers are a straigh@cognizers were built using 285 left-to-right HMM's, each of
forward extension of our previous results. In particular, considéfich modeled a context-dependent sub-word unit. Nonzero
a segmented utterance in which the feature vecisrassigned fransition probabilities were fixed to uniform values. Testing
to states of an FA-HMM. Also, let P(c|z, s) denote the pos- Was done with a free grammar network (i.e., no grammar con-
terior probability that within state, the feature vectat is at- Straints).
tributed to mixture component Then the required gradients Ve trained continuous density HMM's with both diagonal

eConnected Alpha-Digits

are and factored covariance matrices. Our first experiments con-
< 9 9 9 sidered the maximum likelihood (ML) training procedure de-
, , [ln P(x|s)] scribed in Section I1I-B. We ran several experiments, varying
op,,.  OAs. 8\Ifsc>

both the number of mixture components and the number of fac-
= P(c|z, s) < 0 7 0 7 0 ) ln P(x|s, c)]. (30) tors allocated to each state in the HMM's. The goal was to de-
Opg.” ONs.” OV termine the best model of acoustic feature correlations.

The gradients on the right hand side of these equations are givef@ble | summarizes the results of these experiments. The
by (27)—(29) from the previous section. Besides these pararfelumns from left to right show the number of mixture com-
ters, one may also adapt the mixture weigtitéc|s), by gra- Ponents ¢), the number of factorsf), the word error rates

dient descent. In practice, one adapts the transformed parafHecluding insertion, deletion, and substitution errors) on the
tersws., where P(¢|s) = e~/ 3", ¢“+; this is done to en- test set, the average log-likelihood per frame of speech on the

force the constraint®(c|s) > 0 and}", P(c|s) = 1. In this test set, and the CPU time to recognize twenty test utterances

case, the necessary gradients are given by (on an SGI R4000). Not surprisingly, given the large amount
of training data, both word accuracies and likelihood scores

[ln P(x|s)] = P(c|z, s) — P(c|s). (31) increase with the number of modeling parameters. Neverthe-

Iwse less, the table shows that adding factors leads to significant

Given these gradients, the parameter updates are again conprovements in performance, at roughly the same rate as
puted from (24) and (25). For each state and mixture compadding mixture components.
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TABLE | alpha—digits (ML)
RESULTS FOR DIFFERENT ML 38 ' '
RECOGNIZERS ONCONNECTED ALPHADIGITS. THE COLUMNS INDICATE THE
NUMBER OF MIXTURE COMPONENTS(C'), THE NUMBER OF FACTORS(f), THE a7l °© |
WORD ERRORRATES AND AVERAGE LOG-LIKELIHOOD SCORES ON THETEST
SET, AND THE CPU TIME TO RECOGNIZE 20 UTTERANCES

C | f | word error (%) | log-likelihood | CPU time (sec) 836 ]
10 16.2 32.9 25 £
1|1 14.6 34.2 30 £35¢
1|2 13.7 34.9 30 5
1|3 13.0 35.3 38 < a4t |
114 12.5 35.8 39
210 134 34.0 30
2 |1 12.0 35.1 a4 33 1
212 114 35.8 48
213 10.9 36.2 61 32 : . : : . ‘
2 |4 10.8 36.6 67 N S
410 11.5 34.9 46 @
4 11 10.4 35.9 80
4|2 10.1 36.5 93 alpha~digits (ML)
4|3 10.0 36.9 132 17 ‘ '
4 |4 9.8 37.3 153 16+
810 10.2 35.6 93
8|1 9.7 36.5 179 15-
8|2 9.6 37.0 226
160 9.5 36.2 222 14¢

Perhaps the most interesting comparisons are between
models with the same number of parameters. The overall
number of parameters is proportional & f + 2). A useful 11}
rule of thumb is that FA-HMM'’s with two factors have the
same number of parameters as DG-HMM'’s with twice as many 10}
mixture components. The left graph in Fig. 1 shows a plot of

word error rate (%)
- 4
N @

9 1 1 1 L 1 L
the average log-likelihood versus the number of parameters, 0 5 10 15 . 20 25 30
or C(f + 2); the stars and circles in this plot indicate recog- parameters
nizers with DG-HMM's and FA-HMM'’s, respectively. One ()

sees quite clearly from this plot that giverfiged number of Fig.1. Plots of (a) log-likelihood scores and (b) word error rates on the test set
parameters, models vith factored covariance matrices tefFts e e o Perels Tio s omected b ol e e
to have significantly higher likelihoods. The right graph iRecognizers in Table II.

Fig. 1 shows a similar plot of the word error rates versus the
number of parameters. Here one does not see much difference;
presumably, because HMM'’s represent only approximately
correct models of speech, higher likelihoods do not necessarily

translate into lower error rates. We will return to this point later.

TABLE I
RESULTS FORML RECOGNIZERS ONCONNECTED ALPHADIGITS
WITH VARIABLE NUMBERS OF FACTORS f DENOTES THE
AVERAGENUMBER OF FACTORS PER MIXTURE COMPONENT

It is worth noting that the above experiments used a fixed € | f | word error (%) | log-likelihood | CPU time (sec)
number of factors per mixture component. In fact, because the ! | 2 12.3 35.4 32
variability of speech is highly context-dependent, it makes sense 2|2 10.5 36.3 53
to vary the number of factors, even across states within the same 2 9.6 37.0 108

HMM. A simple heuristic is to adjust the number of factors de-

pending on the amount of training data for each state (as deterAllthe recognizersin Tables I and Il were trained by maximum
mined by an initial segmentation of the training utterances). Vilkelihood (ML) estimation. The plots in Fig. 1, however, show
found that this heuristic led to more pronounced differencestinat increased log-likelihoods in FA-HMM’s do not translate
likelihood scores and error rates. In particular, substantial idirectly into lower error rates. This observation motivated us to
provements were observed for three recognizers whose HMMrain a number of recognizers using the minimum classification
employed amaverageof two factors per mixture component.error (MCE) criterion described in Section IV. This was done for
Table 1l summarizes these results. The reader will notice ththe three DG-HMMrecognizersin Table landthe three FA-HMM
these recognizers are extremely competitive in all aspectsre€ognizersin Table Il. In each case, the parameters of the MCE
performance—accuracy, memory, and speed—with the baselireognizer were initialized by those of its ML counterpart.
recognizers in Table I. The likelihoods and error rates of the3eaining consisted of five iterations of gradient descent, where
recognizers are indicated by the dashed lines in Fig. 1. each iteration involved a pass through all the utterances in the



122 IEEE TRANSACTIONS ON SPEECH AND AUDIO PROCESSING, VOL. 8, NO. 2, MARCH 2000

C(f+2) = 4 C(f+2) =8 C(f+2) = 16

94 94 94
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86 86 86

84 84 84

FA DG FA DG FA DG

Fig. 2. Word accuracies of ML, MCE, and MCE+SBR recognizers on connected alphadigits shown in black, gray, and white. Each subplot compares recognize
with the same overall number of parameters, but with different types of covariance matrices (FA versus DG).

training set. The test set error rates of these recognizers, before TABLE 1II
and after discriminative training, are shown in Fig. 2. The figure RESULTS ONNEW JERSEY TOWN NAMES. THE COLUMNS INDICATE THE

. . L NUMBER OF MIXTURE COMPONENTS THE NUMBER OF FACTORS AND THE
showsthatallthe recognizers had significantly lower errorrates as ERRORRATES FORML AND MCE RECOGNIZERS

aresult of MCE training. Atthe same time, the recognizers using

factor analysis retained their edge in accuracy. This shows that f g ML elrgoor (%) | MCE f;rzr %,

MCE training and factor analysis are complementary methods 41 17'6 15'0

for improving overall performance. Fig. 2 also shows the results 510 168 45

of afurther training procedure—hierarchical signal bias removal 8 |1 15.0 12.5

(SBR) [22]—designed to reduce the acoustic mismatch between %10 14.6 12.6

training and testing environments. This method led to further 161 13.8 12.8

improvements in recognition accuracy. 32(0 13.6 12.0
321 12.7 11.7

B. New Jersey Town Names 64]0 126 117

As a medium vocabulary task, we considered the recogni-
tion of New Jersey town names (e.g., Cranbury). Telephobg a single state. All nonzero transition probabilities were fixed
speech from two different collections [25] was used in this exe uniform values.
periment. The training data consisted of 12 100 short phrasesAgain, we trained continuous density HMM’s with both di-
each 2—4 words long, spoken in the seven major dialects agfonal and factored covariance matrices. Since in the alphadigit
American English. This collection of phrases was carefully dexperiments, the largest gains (per parameter) occurred with
signed to obtain a fairly even coverage over triphone units. Temall numbers of factors, here we only considered FA-HMM’s
test data consisted of 2426 isolated utterances of New Jeragth exactly one factor per mixture component. The results of
town names, collected from nearly 100 speakers. The numbeMif and MCE training for several recognizers are shown in
town names was 1219. All the speech data was digitized at ffetble 11l. Again we see that parameters devoted to the explicit
caller’s local switch and transmitted in this form to the recognodeling of correlations lead to sizable reductions in the error
nizers. The recognizers were built using 43 left-to-right HMM's;ate. Also, both the DG-HMM and FA-HMM recognizers are
each of which modeled a context-independent English phoseibstantially improved by discriminative training. Fig. 3 shows
Phones were modeled by three-state HMM's; the only exceptiplots of the classification error rate versus the number of mod-
to this rule was that silence and background noise were modetditig parameters [i.e(’(f + 2)] for the ML and MCE rec-
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20- town names (ML) proved indispensable in automatic speech recognition, we

believe that factor analysis can make a similarly important con-
tribution. Both methods have a sound probabilistic framework

18} that enables them to be fully exploited in statistical pattern
recognition.

It is worth comparing factor analysis to other approaches [5],
=161 [10], [26], [28] proposed for dimensionality reduction and fea-
5 ture space analysis in automatic speech recognition. We believe
514_ that factor analysis has two distinguishing features. First, un-

like many strategies for dimensionality reduction, factor anal-
ysis does not merely project a high dimensional feature vector
12¢ into a low dimensional one; variations outside the reduced-di-
mensionality subspace are also modeled by the variance param-
eters,U. Second, ML parameter estimation in factor analysis is
10 ' : : ‘ ‘ : ] - . 7=
0 20 40 60 80 100 120 140 supported by an efficient, batch-update EM algorithm; this is of
parameters considerable value even when the parameter estimates are ulti-
@ mately refined by gradient-based discriminative training.
town names (MCE) In this paper, we used factor analysis to model correlations be-
207 tween cepstra, delta-cepstra, and delta-delta-cepstra. It is worth
emphasizing, however, that the method applies to arbitrary fea-
tures. Indeed, the ability to model correlations efficiently should
enable researchers to consider other features besides cepstra.
While cepstra have the advantage of being only weakly corre-
lated, it may be that other features (e.g., narrow-band statistics)
actually convey more information about the speech signal.

We believe that factor analysis has many potential ap-
plications to automatic speech recognition. For example, in
segmental HMM's [19], where feature vectors encode multiple
(successive) frames of speech, factored covariance matrices
provide a natural way to model correlations over time. In model

adaptation [8], [15], [29], where parameters are reestimated
10 ‘ ‘ . . _ ‘ ‘ ; " .
s 20 20 pvs B0 100 120 140 to match new testlng conditions, 'Fhey prowdg a more robust
parameters alternative to adapting full covariance matrices. These are
() only two examples; in principle, factor analysis can be applied
. wherever one introduces Gaussian PDF’s.
Fig. 3. Plots of town name error rates versus the number of parameters for, lvsis should b | din light of oth hod
ML and MCE recognizers. The solid and dashed lines indicate recognizers withFactor a_-na ysIS S qu e evaluated in light o O.t er methods
DG-HMM'’s and FA-HMM’s, respectively. for modeling correlations. One popular method is to employ
full covariance matrices through some form of parameter-tying.
. . . While we have presented factor analysis as an alternative to
ognizers. The rate of improvement in performance (as a fu ks . .
. RN , g is approach, more generally it should be viewed as a com-
tion of model size) is roughly comparable for DG-HMM'’s an . . . .
) plement. Certainly, the clever tying of factor loading matrices
FA-HMM's. . .
across units, states, and/or mixture components would lead to
further improvements in overall performance (as a function of
model size). Thus, whatever gains have been achieved by tying

In this paper, we have studied the combined use of mixtufgl covariance matrices, one would expeciditional gains to
densities and factor analysis for speech recognition. This wae achieved from tying factored ones.
done in the framework of hidden Markov modeling, where Overall performance in automatic speech recognition is mea-
acoustic features are conditionally modeled by mixtures efired in terms of speed, memory, and accuracy. Factor analysis
Gaussian PDF’s. On two tasks—connected alpha-digits agsh help in all three respects. Compared to full covariance ma-
New Jersey town names—we have shown that mixture densitifiges, factored ones are easier to manipulate and more robust to
and factor analysis are complementary means of modeliggerfitting. In general, factor analysis represents a useful com-

acoustic correlations. Moreover, when used together, they gamise between diagonal and full covariance matrices, one that
lead to smaller, faster, and more accurate recognizers th@Bmises improvements over both extremes.

either method on its own. For example, comparing the last lines
of Tables | and Il reveals a factor of two improvement in speed
and memory with hardly any loss in accuracy.

Both mixture models and factor analysis may be understood
as latent variable methods—the former for clustering, the latterln this Appendix, we consider the properties of the posterior
for dimensionality reduction. Just as mixture densities hadéstribution, P(z|z), for the multivariate Gaussian PDF men-
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tioned at the end of Section II-A. The posterior distribution ithe reestimation formulae for the mean, (13). Setfifly OA =

computed from Bayes’ rule as 0 gives
P(z|z)P(z) -
P(zlz) = P (32) A Efb262"|w,]
The three terms on the right hand side are given explicitly by _ Z(‘”" e AE[Z|$n])TE[Z|$n]- (38)
(1)—(3). Becaus#(z) and P(z|«) are Gaussian, it follows from m

the form of Bayes' rule thaP(z|z) is also Gaussian. In partic-
ular, up to a normalization constant, the posterior distribution
given by

Itis straightforward to eliminatg from this equation using (13).
This yields the reestimation formula for the factor loading ma-
trix, (12). Finally, settingd@Q/9V ;;y = 0 gives

Ui = & S l(@n — s~ AE[zlw,])?

A T AT
The statistics of the hidden varialte conditioned on the ob- + (AE[62627 [€,]A" )ii]. (39)

servations, are determined by the linear and quadratic terms jfere again, eliminating via (14) leads to the desired result—in

the exponent of (33). In particular, the conditional mean and cgis case, the reestimation formula for the variance, (14).
variance are given by

P(z|x)
~exp {—52T (I + ATV Az + (2 — p)" U1 A=} . (33)

_ Tq—LA1- AT —1(0 _ APPENDIX C
Ezlg|= [+ A"V A "A" Y (. — ) (34) GRADIENTS
E[6262" |2] = [I + ATU1A] (35)  In this Appendix, we derive the gradients required for dis-

. criminative training of FA-HMM'’s, namely (27)—(29). To this
whereE[-|z] denotes an average with respect to the posten&r]d, consider a multivariate Gaussian PDF with meand fac-

distribution, P(z|x), andéz = z — Elz|x] denotes the variation tored covariance matri¥ + AAZ'. If we denote the covariance
about the conditional mean. Note that the right hand side of (39}, i by M, then the log-likelihood is given by

does not depend on the valuemafAs a practical matter, this
means that the conditional covariance mak[§z6z" |x] does In P(z) = Ln det M — (z — )" M Yz — ). (40)

not have to be recomputed for each data point. e - .
P P For discriminative training, we must compute the gradients of

In P(z) with respect to the parametges¥, andA. The first of

these is straightforward and gives (27). For the others, we can

use the chain rule—differentiating the right hand side of (40)
In this Appendix, we provide a more detailed derivation ofith respect ta\Z, then differentiatinglZ with respect tol and

the EM algorithm in Section IlI-A. We begin by evaluating theA. The first step is facilitated by the identities

Q-function, (7). This is done by averagihg P(z, z, |, A, ¥)

APPENDIX B
EM ALGORITHM

over the posterior distributior?(z|z,, u, A, ¥), then taking AL [ln det M] = Mﬁl (41)
the sum over all data points. Up to a constant term (which does * 5
not depend of, A, or ¥), the Q-function is given by WU[M;] = _M,:ilMﬁl, (42)

i, A, Usop, AU
Qla, A, V5 p, AT e N Using these identities to differentiate (40), we obtain
=13 Bl — h— A2) TNz, — p— A2)|z,] P
i In P(z)]
- % ln || 4 const (36) OMij

=M — MYz — pi[M 7z — p);}. (43)
whereE[-|z,,] denotes an expectation over the posterior distri- 21, [ ( i ( ik
bution, P(z|x,,, u, A, V). Let 6z = z — E[z|z,,] denote the From the definitiond = ¥ + AA7, it is straightforward to
variation about the conditional mean of the hidden variable. vg@mpute the gradient&\/ /0¥ anddM /OA. Finally, inserting

can decompose the terms inside the expectation as these gradients into the chain rule gives (28) and (29).
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