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Abstra
tThis proje
t explores statisti
al models and methods employed for automati
 spee
h re
og-nition. A graphi
al model des
ribes the spee
h pro
ess with phoneti
-a
ousti
 HMM-GMMunits; in parti
ular we present several ways to model 
ontinuous a
ousti
 observations withGaussian approximations. We develop a simpli�ed experiment using low-dimensional fea-tures, whi
h provide 
onvenient 
on
eptualization and analysis. In addition to dis
ussion ofstate-of-the-art implementations, this work investigates two performan
e measures based onalignment a

ura
y and entropy.
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Figure 1: Spee
h modeling in a typi
al automati
 spee
h re
ognition system.1 Introdu
tionThe spee
h re
ognition problem has a well-known noisy-
hannel formulation in whi
h a speaker's intendedwords W are en
oded into an a
ousti
 spee
h signal A. The task of the re
ognizer is to model this pro
essand retrieve the hypothesis word string Ŵ that is most probable given the a
ousti
 eviden
e:Ŵ = argmaxW P (WjA) (1)We 
an frame this problem di�erently by applying Bayes' formula:Ŵ = argmaxW P (AjW)P (W)P (A) (2)When the observation A is �xed, we seek the maximum a posteriori estimate:Ŵ = argmaxW P (AjW)P (W) (3)The likelihood P (AjW) 
an be 
omputed with an a
ousti
 model, while the prior P (W) is given by alanguage model. We will investigate the a
ousti
 models that underly many spee
h re
ognition ar
hite
tures:Hidden Markov Models (HMM) with outputs parameterized by Gaussian Mixture Models (GMM). Thelanguage model, used to des
ribe word sequen
es, 
an take various forms: for example, a task grammar
ould be pres
ribed for dialog systems, while sto
hasti
 n-gram models would be more suitable for large-vo
abulary trans
ription. Although they are signi�
ant 
omponents of spee
h re
ognition systems, this paperwill not provide a treatment of language modeling te
hniques and sear
h strategies for word de
oding.The a
ousti
 model relates words to their realization as spee
h. Typi
ally, a pronun
iation di
tionary isused to map a sequen
e of words W to a sequen
e of phonemes P. These 
orrespond to elementary phoneunits whi
h de�ne a state transition table for the hidden state sequen
e Q. Ea
h state generates a frameof the observation sequen
e A, whose features 
orrespond to a
ousti
 properties of the spee
h signal. Thishierar
hi
al stru
ture is depi
ted in Figure 1.We present experiments to 
ompare a variety of a
ousti
 models; the task and evaluation 
riteria aregiven in Se
tion 2. Se
tion 3 des
ribes front-end pro
essing for deriving spee
h features. Ways to modela
ousti
 observations are dis
ussed in Se
tion 4, and temporal models follow in Se
tion 5.We will develop an example using a simple set of features and models, dis
ussing results of experimentsand relating them to more substantial systems. Due to the diÆ
ulty of implementation and time 
onstraints,we apologize that some results are not available at present. (Currently, the HMM model is problemati
...)1



2 Experimental MethodologyThe experiments in this paper are unorthodox be
ause we do not build a full-s
ale system to evaluate word-level re
ognition performan
e. Rather, we exploit a spe
ially-labeled 
orpus to build a variety of smallmodels, and present an alternative to the standard evaluation based on word error rate.2.1 The TIMIT CorpusThe data used in these experiments are drawn from the TIMIT 
orpus of read spee
h [1℄. We sele
ted 1750unique senten
es1 from among 440 speakers in the training set and 35 speakers in the test set. The 
orpus
ontains relatively good quality audio re
ordings, sampled at 16 kHz in quiet studio 
onditions.Although pronun
iation di
tionaries 
an provide a distribution over multiple pronun
iations for a givenword, the TIMIT di
tionary is a one-to-one mapping of words to phonemi
 pronun
iations2. That is,P (PjW) = 1 for some unique phone sequen
e. This deterministi
 pronun
iation model enables us to e�e
-tively narrow the s
ope of our a
ousti
 models to the pro
ess relating P and A. Note that even under this
onstraint, word de
oding is still diÆ
ult be
ause the inverse mapping P!W is not one-to-one.This 
orpus was also 
hosen be
ause it is a

ompanied by manually aligned phonemi
 trans
riptions.For ea
h utteran
e in the 
orpus, the referen
e word string �W was mapped to the referen
e phonemi
trans
ription �P. A trained linguist then aligned this trans
ription to 
orresponding times in the spee
hsignal. Note that this labeling pro
edure is 
ru
ially di�erent from asking a linguist to 
reate a phoneti
trans
ription of the spee
h signal, un
onstrained by a �xed phonemi
 trans
ription3. We denote the referen
ealignment as (�p1; : : : ; �pt; : : : �pN ) where ea
h frame t of the spee
h signal has �pt as its phone label.2.2 Evaluation metri
sResear
h in spee
h re
ognition is predominantly guided by a single measure of performan
e: word error rate,the minimal edit distan
e between hypothesized and referen
e word strings, in terms of weighted deletions,insertions, and substitutions. While the measure is a 
lear indi
ator of overall system performan
e, it is insome ways problemati
. Experimentation is expensive be
ause full re
ognition is a 
ompli
ated pro
edure,and it 
an be diÆ
ult to interpret the e�e
ts 
aused by modifying 
omponents that are not dire
tly 
onne
tedto the ultimate output of the system. This has led to an in
remental development strategy that has been
riti
ized [2℄, and the proposal of alternative tasks [3℄.We hereby introdu
e two new measures, hopefully meaningful indi
ators of the quality of an a
ousti
modeling approa
h. It would be desirable to analyze how well an a
ousti
 model mat
hes an a
ousti
observation sequen
e A (of length N) to its given phonemi
 trans
ription P (of length less than N).2.2.1 Average entropyWe might try to utilize the duration-averaged log likelihood of an a
ousti
 observation sequen
e:ALL = 1N logP (AjP) = 1N logXQ P (AjQ)P (QjP) (4)Although we will see that these quantities are 
omputable, they are not good for 
omparing models withdi�erent types of features be
ause the magnitude of the a
ousti
 likelihood depends very mu
h on the sizeof the feature spa
e. This measure might still be useful when the features are �xed, though.1To make the 
orpus more \natural", we remove repeated senten
es. Our data in
lude all phoneti
ally-diverse senten
es(SI), and one sele
tion from ea
h of the phoneti
ally-
ompa
t senten
es (SX). The diale
t senten
es (SA) were omitted.2A
tually, some words have multiple pronun
iations that depend on semanti
s (eg. past and present tenses of read). In these
ases, the 
orre
t disambiguation was manually provided.3There is a subtle distin
tion between phoneti
 vs. phonemi
: a phone 
an be any spe
i�ed spee
h sound, whereas phonemesrefer to the distinguishable spee
h units of a language. We apologize if this is 
onfusing, pedanti
, or worse { misused.2



One might also attempt to examine the posterior probability of a phone sequen
e:P (PjA) = P (AjP)P (P)P (A) = P (AjP)PW P (PjW)PW P (AjW) (5)Unfortunately, the terms for un
onditional probabilities involve (in�nite) summation over all possible wordsequen
es. Unless phone posteriors are 
omputed dire
tly, as with re
urrent neural networks [4℄, these kindsof measures are at best approximated [5℄.An alternative we propose is based on the notion of entropy, with the intuition that highly dis
riminantdistributions are more representative of the data. Clearly, this is an unjusti�ed assumption if a low-entropydistribution 
ould be entirely unrelated to the data. Yet, this intuition is supported by experiments thatdemonstrate a 
orrelation between entropy and performan
e in terms of word error rate [6℄.As dis
ussed above, a distribution over the sequen
e P is diÆ
ult to 
ompute. However, we will see thatthe HMM framework provides eÆ
ient inferen
e algorithms for P (qtjP;A), the lo
al posterior probabilityof a parti
ular state given the phone and observation sequen
es. If ea
h state belongs to exa
tly one phonemodel, we 
an easily derive the related phone posterior at frame t:P (ptjP;A) = Xqt2pt P (qtjP;A) (6)We de�ne the per-frame phone entropy:Ht = �Xpt P (ptjP;A) log2 P (ptjP;A) (7)Let the measure Ent be the average of this entropy:Ent = 1N NXt=1Ht (8)This represents how many bits of phonemi
 information are 
arried by ea
h frame of A. Using a referen
ealignment, we let EntV and EntNV be average over the vowel and non-vowel segments.2.2.2 Alignment a

ura
yGiven an observation A that is �xed to P, the most likely state sequen
e Q̂ = (q̂1; : : : ; q̂t; : : : ; q̂N ):Q̂ = argmaxQ P (QjP;A) (9)Be
ause ea
h state 
orresponds to pre
isely one phone and generates an a
ousti
 observation at ea
h timestep, the state sequen
e spe
i�es an alignment (p̂1; : : : ; p̂t; : : : ; p̂N ), where state q̂t belongs to the phone modelp̂t. This joint maximization does not ne
essarily imply that the posterior probability of p̂t is maximal atevery frame. If we used su
h a lo
ally maximized alignment, where ea
h p̂t = argmaxpt P (ptjP;A), thenthe alignment sequen
e might not be 
ompatible with the given trans
ription P.
3



Figure 2: First and se
ond formant estimates (F2 is always higher, by de�nition) produ
ed with the Sna
kSound Toolkit [8℄. Note that F2 of the the vowel u is very low, and the tra
ker has diÆ
ulty lo
ating it.Note also that the semivowels y and w are part of diphthongs 
hara
terized by dynami
 formants.Given a referen
e and hypothesized alignment, the a

ura
y measurement is straighforward:A

 = 1N NXt=1 Æ(p̂t = �pt) (10)Similarly, A

V and A

NV are alignment a

ura
ies for subsets of vowels4 and non-vowels, respe
tively.The alignment metri
 is useful for supervised tasks, where we aim to reprodu
e human performan
e.However, it is possible that a hypothesized alignment will di�er from the referen
e in a meaningful way.Espe
ially in unsupervised learning s
hemes, perhaps the model units will not re
e
t the salient phonemi
distin
tions we intend { yet, these data-driven models 
ould be a more apt 
hara
terization of spee
h.3 A
ousti
 pro
essingWe wish to determine whether a low-dimensional, linguisti
ally-motivated set of spee
h features 
an beapplied to the spee
h re
ognition task. Su
h a feature set is desired be
ause it allows one to intuitivelyunderstand the modeling pro
ess, and be
ause their dimensionality redu
es 
omputational 
omplexity.3.1 Formant featuresWithout expli
ation of arti
ulatory and a
ousti
 phoneti
s [7℄, we brie
y note that human spee
h produ
tionis approximated by a sour
e-�lter model: vibration of the vo
al 
ords provides a periodi
 sour
e signal, whilethe 
on�guration of the vo
al tra
t simulates an open-tube �lter. In parti
ular, some vowel sounds 
an beprin
ipally 
hara
terized by two of the vo
al tra
t's resonant frequen
ies, whi
h phoneti
ians 
all the �rstformant (F1) and se
ond formant (F2).While there is a subje
tive element involved in lo
ating formants, there are automated tools whi
h 
anreasonably estimate formant frequen
ies from an audio signal. Figure 2 demonstrates the formant estimationtool that was used to derive the features used in this paper's experiments: a 2-dimensional feature 
ontainingestimates of the 
enter frequen
ies of the �rst and se
ond formant.4We 
onsider re
all for steady-state non-s
hwa vowels: iy ih eh ae aa ao uw
4
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 model for Se
tion 4.3.2 Standard spee
h feature extra
tionThe signal pro
essing front-end of an automati
 spee
h re
ognition system 
onverts a one-dimensional audioamplitude signal into a more manageable feature representation. Samples generally belong to a multi-dimensional 
ontinuous feature spa
e; time is dis
retized, with standard frames 
orresponding to 25mswindows stepped at 10ms intervals. There are a few notable ex
eptions su
h as ve
tor-quantized featurespa
es [9℄, and long-term temporal features [10℄.Common a
ousti
 features are based on spe
tral properties of the spee
h signal. Dis
uss MFCC andPLP features. use features based on mel-frequen
y 
epstral 
oeÆ
ients [11℄. A typi
al MFCC base feature
omprises 13 dimensions: 12 
epstral 
oeÆ
ients and energy.Be
ause spee
h is a dynami
 pro
ess, a basi
 feature ve
tor is often appended with sets of features
orresponding to its �rst and se
ond order derivatives. These � and �� features multiply the dimensionalityof the a
ousti
 feature spa
e: many features have 26 or 39 dimensions.In addition to the a
ousti
 models, the signal-pro
essing front-end 
an provide some amount of robustnessto noise in the input signal. For example, it may be possible to �lter out reverberant noise 
aused by theroom a
ousti
s. Also, be
ause 
onvolution of a noise signal in the time domain is additive in the frequen
ydomain, the 
epstral mean 
an be averaged over an utteran
e or speaker, then subtra
ted to adjust thefeature ve
tors to ea
h have mean zero.The spe
tral 
hara
teristi
s of spee
h produ
ed by an open-tube model depends on two parameters:velo
ity of sound and the length of the vo
al tra
t. Be
ause vo
al tra
t length varies, espe
ially betweenmale and female populations, many spee
h re
ognition systems employ vo
al tra
t length normalization tore-s
ale the frequen
y axis when 
al
ulating features. Estimation of an appropriate s
aling fa
tor is typi
allydone by 
hoosing from a dis
rete set of values so as to maximize the likelihood of a
ousti
 observations.4 Modeling observationsLet us begin to des
ribe an a
ousti
 model by 
onsidering P (ajq), the emission probability that a givenstate generates an a
ousti
 observation. Spe
i�
ally, we will provide a parameterization of this 
ontinuousdistribution by approximating with Gaussian models. Although we treat these numbers as probabilitymasses, in fa
t they are a
tually densities; this is a
knowledged by the �eld as a \
onvenient �
tion" [12℄.For this se
tion, we relax some 
onditions so that our a
ousti
 models isolate the emission probabilities.Let the set of phones P have a bije
tive 
orresponden
e to the set of states Q. Let the state transition prob-abilities equal the a priori probabilities, and let the state sequen
e be independent of a given trans
ription:P (qtjqt�1) = P (qt)P (QjP) = P (Q) (11)In e�e
t, we have removed temporal dependen
ies from the model, as in Figure 3. For su
h a model, thestate posterior at frame t 
an be lo
alized:P (qtjP;A) = P (qtjat) = P (atjqt)P (qt)P (at) = P (atjqt)P (qt)Pq2Q P (atjq)P (q) (12)5



Our assumed independen
e of states also allows the most likely state sequen
e to be found by lo
ally maxi-mizing the state posterior at ea
h frame:Q̂ = argmaxQ P (QjP;A) =QNt=1 P (qtjP;A)= (q̂1; : : : ; q̂t; : : : ; q̂N ), where q̂t = argmaxqt P (qtjP;A) (13)However, to 
ompute the a
ousti
 likelihood:P (AjP) =XQ P (AjQ)P (QjP) =XQ NYt=1P (atjqt)P (qt) (14)This is an intra
table 
omputation be
ause the summation over possible state sequen
es is O(jQjN ).4.1 Multivariate Gaussian modelsSuppose our feature representation is an n-dimensional ve
tor of 
ontinuous values, at = [at1; : : : ; atn℄T . Asuitable approximation to P (ajq) is the multivariate Gaussian parameterized by a n� 1 mean ve
tor �q anda symmetri
 n� n 
ovarian
e matrix �q:P (ajq) � N (a;�q ;�q) = 1(2�)n=2j�qj1=2 exp��12(a� �q)T��1q (a� �q)� (15)4.1.1 Maximum likelihood parameter estimationThis moment parameterization of Gaussian models 
an be trained by maximum likelihood estimationif we employ a supervised pro
edure. Be
ause there is one state per phone, the referen
e alignment(�p1; : : : ; �pt; : : : �pN ) deterministi
ally maps to a labeled state sequen
e. We let the data set Dq be the subsetof a
ousti
 training samples labeled for state q. Ea
h element of this set is independently and identi
allydistributed, so the data log likelihood is formed as:l(�q ;�qjDq) = �jDqj2 log j�q j � 12 Xa2Dq(a� �q)T��1q (a� �q) (16)The log likelihood fun
tion is 
on
ave, so to estimate �̂q we take the derivative with respe
t to �q and set itto zero. This is simply the sample mean: �̂q = 1jDq j Xa2Dq a (17)Using this result, we 
an estimate �̂q similarly:�̂q = 1jDq j Xa2Dq(a� �̂q)(a� �̂q)T (18)The state prior probabilities are empiri
al frequen
ies:P̂ (q) = jDqjPq02Q jDq0 j (19)For some experiments, however, we will set these priors to the uniform distribution P (q) = jQj�1, so as toinvestigate the in
uen
e of the a
ousti
 likelihood alone.6



4.1.2 Assumption of diagonal 
ovarian
eEspe
ially as the dimensionality of the feature spa
e in
reases, the multivariate Gaussian model 
an be
omediÆ
ult to 
ompute, parti
ularly the operations involving the n�n 
ovarian
e matrix. For this reason, mostspee
h re
ognition systems spe
ify that �q be a diagonal matrix, assuming that feature 
omponents are allmutually independent. This simpli�
ation lets the diagonal entries 
orrespond to the sample varian
es �qiof ea
h 
omponent ai, whi
h we 
an now store in a n� 1 ve
tor:�̂q = [�q1; : : : ; �qi; : : : ; �qn℄ where �qi = 1jDqj Xa2Dq(ai � �̂qi)2 (20)The likelihood P (ajq) is then a produ
t of univariate Gaussians:P (ajq) � nYi=1N (ai;�qi; �qi) (21)One reason why MFCC features are used in spee
h re
ognition is be
ause this diagonal 
ovarian
e as-sumption is justi�ed { the 
omponents of 
epstral features are signi�
antly de-
orrelated. For our formantfeatures, su
h an assumption is not ne
essarily warranted. There is a degree of 
orrelation between the �rstand se
ond formant, due to the fa
t that both resonant frequen
ies depend on the vo
al tra
t length.4.1.3 Mixture modelsWe have made a strong assumption in modeling output distributions with Gaussian models. Although inmany 
ases the Gaussian is an appropriate approximation, it would be better to model arbitrary distributionsover the feature spa
e. To this end, Gaussian mixture models are used to represent multimodal distributions;given enough mixtures, a GMM should be able to 
losely approximate any distribution.An output probability approximated by a GMM with M mixture 
omponents 
an be spe
i�ed as:p(ajq) = MXi=1 �iN (a;�i;�i) (22)where � is a multinomial distribution over the mixture 
omponents, su
h that the mixture weights sum toone: PMi=1 �i = 1. Note that mixture models require more parameters: for ea
h state q, we must storeM mixture weights, mean ve
tors, and 
ovarian
e matri
es. An n-dimensional GMM with full 
ovarian
ematrix and M mixtures is 
hara
terized by M(n+ n2 + 1) parameters.The parameters of the GMM 
an be learned with the Expe
tation-Maximization algorithm. Starting froman initial guess for the parameters, we iteratively 
al
ulate posterior probabilities of mixture 
omponents anduse these to update parameters. Let f�(t)i ; �(t)i ;�(t)i g be the parameter values for mixture i at the 
urrentiteration t. For the E-step, let � (t)i (a) be the posterior probability that sample a was generated by the i-thmixture 
omponent: � (t)i (a) = �(t)i N (a;�(t)i ;�(t)i )PMj=1 �(t)j N (a;�(t)j ;�(t)j ) (23)Summing over the training data D, we get the expe
ted 
ounts 
(t)i of mixture i:
(t)i =Xa2D � (t)i (a) (24)In the M-step, mixture weights are updated with the relative frequen
y of expe
ted 
ounts:�(t+1)i = 
(t)iPMj=1 
(t)j = 
(t)ijDj (25)7



Gaussian parameters are updated with weighted analogues of the assignments from Eqs. (17) and (18):�(t+1)i = 1
(t)i Xa2D � (t)i (a) � a (26)�(t+1)i = 1
(t)i Xa2D � (t)i (a) � (a� �̂(t+1)i )(a� �̂(t+1)i )T (27)These iterative updates of the EM algorithm perform 
oordinate as
ent on the log likelihood of the data.A very important pra
ti
al 
onsideration is the initialization of the mixtures. We 
ould begin withmixtures pla
ed randomly or uniformly over the feature spa
e; or we might estimate initial means with aK-means algorithm. This is sometimes done for large mixture models with M = 256, for example. Fora
ousti
 models with fewer mixtures, new mixtures 
an be 
reated with a splitting routine:1. Begin with a single-mixture Gaussian.2. For ea
h mixture i:3. Create two new mixtures i0, i00:Divide the mixture weights:�i0 := �i00 := �i=2Separate the means: (Let k = 0:2, for example.)�i0 := �i + k�i �i00 := �i � k�iCopy the 
ovarian
e matrix (or varian
e ve
tor):�i0 := �i00 := �i4. Re-train the GMM parameters using the EM algorithm.5. Repeat from Step 2 until:Desired number of mixtures is rea
hed,Or EM log-likelihood doesn't signi�
antly improve..Given a GMM with a large number of mixtures, we might want to redu
e the size of the parameterization byremoving mixtures with very low weight. We 
ould also merge similar mixtures. If �i � �j , we 
an removeone 
omponent and reset the other's mixture weight to be �i + �j .4.2 ExperimentAs a demonstration of the te
hniques des
ribed in this se
tion, we implemented and tested several variationsof the multivariate Gaussian model. These experiments also serve to evaluate the performan
e of two-dimensional formant features, and to assess the utility of our alignment and entropy measures.A single-mixture Gaussian model was built where parameters were trained with the 
losed-formmaximumlikelihood estimates. A 2-mixture GMM was then 
reated by splitting the single-mixture Gaussian andparameters were retrained with the EM algorithm. This model was then further split to form a 4-mixtureGMM, and re-trained on
e more. Alignment a

ura
y and average per-frame phone entropy are given inTables 1 and 2, where the prior probability of phones is either �xed to the uniform distribution or empiri
allyestimated. Results are grouped into vowel/non-vowel 
lasses and individually for the ten best-s
oring phones.For these subgroups the alignment a

ura
y is re
all, the number of 
orre
t frames divided by the number ofreferen
e frames. The entropy of a subgroup is averaged over the frames as labeled in the referen
e alignment.Figure 4 shows the pla
ement of single-mixture Gaussians in the F1-F2 formant feature spa
e, for modelstrained with full and diagonal 
ovarian
e matri
es. Seven vowels (iy ih eh ae aa ao uw), three voi
elessfri
atives (sh f s), and a silen
e phone5 (sil) are displayed. Symbols are pla
ed at the model means,overlaid with 10% error ellipses { roughly speaking, P (a inside ellipse jq) = 0:10 � P (ja� �qj < 0:25�q).5The 
orpus te
hni
ally denotes this as h#, the utteran
e boundary { whi
h is mostly silen
e. There is also a short pausephone (pau) but its o

urren
e is infrequent in read spee
h. 8



Phone A

ura
y EntropyAll 0.108 5.31Vowels 0.215 5.41Non-vowels 0.086 5.29y 0.701 5.23aa 0.608 5.13f 0.397 5.00s 0.385 4.90iy 0.335 5.38ey 0.322 5.56ae 0.221 5.55ao 0.197 4.94aw 0.183 5.28eh 0.143 5.53

Phone A

ura
y EntropyAll 0.168 4.67Vowels 0.317 4.84Non-vowels 0.136 4.63iy 0.779 4.71sil 0.641 4.69aa 0.620 4.67s 0.581 3.94eh 0.393 4.96ao 0.131 4.53ae 0.113 4.99l 0.107 4.72ey 0.075 4.96r 0.056 4.89Uniform prior Empiri
al priorTable 1: Performan
e of the single-mixture multivariate Gaussian model. The prior probability of phones isuniform on the left, and estimated from data on the right.
Phone A

ura
y EntropyAll 0.114 4.86Vowels 0.262 5.08Non-vowels 0.083 4.81aa 0.503 4.53ux 0.409 5.26y 0.388 5.08ao 0.373 4.46s 0.341 5.13iy 0.315 5.21f 0.299 5.15ae 0.265 5.16p
l 0.249 3.98ey 0.199 5.36

Phone A

ura
y EntropyAll 0.159 4.24Vowels 0.322 4.51Non-vowels 0.125 4.19iy 0.663 4.51aa 0.609 4.12s 0.587 4.15eh 0.301 4.66sil 0.288 3.15l 0.255 4.49p
l 0.249 3.49ae 0.243 4.62ao 0.235 4.04d
l 0.223 4.39Uniform prior Empiri
al priorTable 2: Performan
e of the four-mixture multivariate GMM. The prior probability of phones is uniform onthe left, and estimated from data on the right.
9
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Figure 4: Distributions in the formant feature spa
e, with full (left) and diagonal (right) 
ovarian
e matri
es.4.2.1 AnalysisFirst, there are several unsurprising things to note about the results. As expe
ted, formant features aregenerally better for re
ognizing vowel sounds than most 
onsonants. The use of an empiri
al prior distributionover phones is 
learly superior to a uniform prior. Also, to some extent the multiple-mixture Gaussian modelsperform better than the single-mixture models.The assumption of diagonal 
ovarian
e is a simpli�
ation that trades o� pre
ision of modeling versus
omputational eÆ
ien
y. Be
ause these experiments used features and models with relatively minimal di-mensions, the diagonal 
ovarian
e assumption provided no signi�
ant 
omputational advantage; moreover,the e�e
t on performan
e was also negligible. Nonetheless, visual inspe
tion of Figure 4 
on�rms the hy-pothesis that formant features might have a slightly positive 
orrelation.Examining the pla
ement of phones on the F1-F2 spa
e, it is reassuring to see that the models for vowelsare 
onsistent with the 
harts given in phoneti
s textbooks [7℄, and 
lassi
 studies on the relation of vowelsto formants [13℄. It also makes sense that the model for the silen
e phone has high varian
e and is in the
enter of the formant spa
e; this is be
ause the formant tra
ker output is essentially random.But in any experiment, the most meaningful results are the unexpe
ted ones:� One would not expe
t formant features to 
hara
terize voi
eless fri
atives be
ause these sounds haveno formants, per se { yet these phones are remarkably well-re
ognized. Fri
atives, su
h as the alveolar/s/ and the labio-dental /f/ are essentially high-frequen
y noise 
aused by air being for
ed througha narrow 
onstri
tion (i.e. almost whistling). Most of this is spread over the 3-4 kHz range { mu
hhigher than the range of estimated F1 and F2; for the lower frequen
ies, the spe
trum is identi
alto silen
e6. However, the formant estimates for these sounds is higher than for silen
e (Figure 4).After investigation of the formant-tra
king software, the reason was dis
overed: the algorithm a
tuallytra
ks the �rst four formants, and imposes dependen
e among them. Thus, the high-frequen
y fri
atives
auses the tra
ker to �nd high F3 and F4, whi
h \pulls up" the lower two formants.� The mean F2 for the ba
k vowels, su
h as /u/ and /ao/, are too high. Their large varian
e in thatdimension also suggests a high degree of un
ertainty. Again, this is due to the formant tra
ker: whenF2 is low, and espe
ially when it is 
lose to F1, the formant tra
ker in
orre
tly tra
ks F2 with whatshould be F3. This problem, however, is largely alleviated by turning to mixture models.Consider the histogram of F2 values for the vowel /ao/ (pronoun
ed as in \all"), whi
h are given inFigure 5. The data are at least bimodal, where the two main modes 
orrespond to the true F2 and6This is why fri
atives are diÆ
ult to re
ognize in low-bandwidth telephone spee
h.10
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Figure 5: Histogram of F2 values for the vowel /ao/.the erroneously tra
ked F3. As well, ea
h mode appears to 
omprise two 
lose but distin
t modes;these are likely the male and female populations exhibiting di�erent spe
tral 
hara
teristi
s due tophysiology. Sin
e resonant frequen
ies are inversely related to vo
al tra
t length, the higher of the pairof modes 
an be interpreted as the female population7.We 
an see that this multimodality is well modeled by a mixture model, as illustrated in Figure 6.Starting from a poorly �tting single Gaussian, the mixture-splitting pro
edure lo
ates the two mainmodes after a few iterations of EM. Splitting again, the new mixtures re�ne the model to 
apture thegender-dependent 
hara
teristi
s. This splitting pro
edure, in whi
h new mixtures are spawned nearbyprevious mixtures, seems ideally suited to these situations with re
ursively modal topology. Note alsothat after splitting mixtures, the EM algorithm in
reases the data log-likelihood to levels that mighthave been unattainable with fewer mixtures. The end result, as eviden
ed in Tables 1 and 2, is thatthe model for /ao/ be
omes mu
h better.� Alignment a

ura
y and entropy are not exa
tly 
orrelated. It was anti
ipated that vowels, havingsmaller varian
e and higher a

ura
y, would exhibit low entropy over their frames be
ause their modelswould be 
orre
tly dis
riminant; 
onsonants would display higher entropy be
ause their distributionswould be less peaked. The opposite was true in many 
ases, be
ause there were many vowels and otherphones 
ompeting in a small, 
rowded region of the formant spa
e. By 
ontrast, the entropy duringother sounds, su
h as silen
e and fri
atives, were lo
ated in relatively empty regions of the formantspa
e where other models attributed low probability. Thus, despite the fa
t that their distributionswere not as peaked, for these phones the entropy was often lower and 
ontributed to better a

ura
y.4.2.2 Comparison to existing resultsAs previously stated, the measures used in the work are not standard. They were 
hosen to allow evaluationof model 
omponents without having to s
ale up to a fully-integrated spee
h re
ognizer.In these experiments the measure of alignment a

ura
y is based entirely on posterior probabilities thatare temporally independent. Sin
e there is a
tually no relation to the phone sequen
e, it might be moreapt to 
all it the phone re
ognition a

ura
y8. In the author's opinion, this is an unfortunate 
hoi
e ofterminology: it implies that there is some phoneti
 ground truth in the referen
e. This 
annot be the 
ase7The TIMIT data is approximately 70% male, a ratio whi
h is more evident in the two F3 modes.8In fa
t, this is the de fa
to standard when working with TIMIT data.11
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ess was 
onstrained by a phonemi
 trans
ription of the utteran
e. The humanannotator was not re
ognizing spee
h, so mu
h as aligning to a given set of symbols. For pre
isely thisreason, thouhg, the labels provide an ideal ben
hmark against whi
h to 
ompare a Viterbi for
ed alignment.That is, the alignment a

ura
y measure was really posited with the intent of evaluating inferen
e in theHMM model of the next se
tion.To pla
e these results in the 
ontext of other work, phone re
ognition of the TIMIT 
orpus was of interestin some of the early HMM phone modeling experiments [14℄, but today is prin
ipally used in developing
onne
tionist phone 
lassi�ers. These phone-labeled data provide targets for error ba
k-propagation trainingof neural networks, and so the phone re
ognition task is natural when a forward pass through the networkoutputs posterior distributions of phones. Following the 
onvention established in the �rst experiments, the61 phonemes of the TIMIT trans
riptions are 
on
ated to a set of 39 phones; we did not perform su
h aredu
tion in these experiments, though in retrospe
t it would have been more informative to do so.For an HMM with ve
tor-quantized observations [14℄, phone re
ognition a

ura
y is reported around 65%for 
ontext-independent phone models. With 
ontext-dependen
y, whi
h 
aptures the allophoni
 nature ofthe phonemi
 alignments, re
ognition improves to over 70%, slightly better than the performan
e of experthuman spe
trogram readers. Neural networks 
an a
hieve up to 75% [15℄, and very re
ent work in 
onditionalrandom �elds has yielded TIMIT phone a

ura
ies 
lose to 80% [16℄. Considering that all these approa
hesmake use of temporal dependen
ies (neural networks use several frames of a
ousti
 
ontext), the performan
eour naive Gaussian 
lassi�er is not entirely dis
ouraging and indi
ates that integrating the HMM-GMMsystem will likely yield signi�
ant improvement.
12



5 Temporal modeling[Note:℄ I regret that I had some diÆ
ulties implementing the HMM portion of the HMM-GMM system, butI leave this un�nished se
tion here to show what the next step will be, and to preserve the intended stru
tureof this proje
t. The next step, of 
ourse, is to de�ne a topology for the HMM phone units. These 
an then be
on
atenated in the order given by a phone trans
ription, so as to de�ne the HMM state transition matrix.The alignment a

ura
y metri
 requires an algorithm to �nd the most likely state sequen
e. The entropymetri
 requires an algorithm for 
omputing posterior state probabilities from in
omplete eviden
e.Fortunately, there is a set of re
ursive algorithms used for eÆ
ient HMM inferen
e and parameter esti-mation. Ea
h of these is simply a spe
i�
 instan
e of a generalized te
hnique learned in CS281A:� The forward and forward-ba
kward algorithms, whi
h 
an 
ompute overall likelihoods and posteriorprobabilities from HMMs, are instan
es of Sum-Produ
t.� The Viterbi algorithm, whi
h �nds the most probable path through the HMM, is Max-Produ
t.� Baum-Wel
h re-estimation of parameters is the EM algorithm: in the E-Step, the posterior probabilitiesof states are 
omputed by the forward-ba
kward algorithm.Alternatively, an HMM 
an be easily 
onverted to a form 
ompatible with the jun
tion tree framework.6 Con
lusionThis proje
t was an enri
hing opportunity to explore the spee
h re
ognition problem formulated in terms ofgraphi
al models. In parti
ular, a mixture of multivariate Gaussians proved e�e
tive in modeling a
ousti
observations in a 
ontinuous feature spa
e. Through a demonstration using very low-dimensional spee
hfeatures, it was possible to analyze the a
ousti
 model in a manner 
onsistent with linguisti
 knowledge, aswell as from a more quantitative perspe
tive.From the results of experiments, it seems possible that formant features 
ould be used for some limitedvariants of automati
 spee
h re
ognition. The a
ousti
 mat
h may be good enough for a small-vo
abularytask, su
h as number re
ognition. Formant features 
ould also be employed for dida
ti
 purposes, illustratinga
ousti
 modeling 
on
epts with an intuitive example, as in this work.In the near future, I look forward to 
ompleting the full implementation of an HMM-GMM a
ousti
model. This will give a better determination of whether formant features are in fa
t useful, and if theproposed performan
e measures are meaningful.Referen
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