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Abstract

In t ypical sp eec h recognition systems, there is a dic hotom y b et w een sp eak er

indep enden t and sp eak er-dep enden t systems. While sp eak er-indep enden t sys-

tem are ready to b e used straigh t \out of the b o x," their p erformance is usually

t w o times or three times w orse than that of sp eak er-dep enden t systems. The

latter, on the other hand, require large amoun ts of training data from the desig-

nated sp eak er and eac h user has to go through a long and tedious initialization

of the system b efore using it.

T o address these issues, the concept of sp e aker adaptation has b een in tro-

duced. W e attempt to mo dify the sp eak er-indep enden t system using a small

amoun t of data from the sp eci�c sp eak er to impro v e its p erformance. Its scop e

of application ranges from dictation systems to hands-free dialing and car na v-

igation.

F or this thesis, w e consider the most di�cult case of sp eak er adaptation

where w e use v ery small adaptation data, hence the name of fast adaptation.

W e ha v e implemen ted t w o state-of-the-art adaptation tec hniques, namely MLLR

and MAP . W e ha v e studied t w o STL metho ds and compared their p erformance

and theoretical relationships. A new adaptation tec hnique, MLED, and some

deriv ativ es of that tec hnique ha v e b een designed and implemen ted.

R � esum � e

En g � en � eral, les syst � emes de reconnaissance de la parole son t soit ind � ep endan ts

du lo cuteur, soit d � ep endan ts du lo cuteur. Bien que les syst � emes ind � ep endan ts

du lo cuteur pr � esen ten t l'a v an tage de p ouv oir ^ etre utilis � es tels quels, leurs p er-

formances se r � ev � elen t comm un � emen t deux �a trois fois inf � erieures �a celles des

syst � emes d � ep endan ts du lo cuteur. Ces derniers, cep endan t, n � ecessiten t l'app ort

d'une base de donn � ee cons � equen te de la part du lo cuteur en question, et ainsi

c haque utilisateur doit subir un long et fastidieux pro cessus d'initialisation du

syst � eme a v an t toute utilisation.

A�n de r � esoudre ces probl � emes, le concept d'adaptation au lo cuteur est in tro-

duit. Nous ten tons de mo di�er les syst � emes ind � ep endan ts du lo cuteur a v ec un

nom bre restrein t de donn � ees sp � eci�ques au lo cuteur p our en am � eliorer ses p erfor-

mances. Les syst � emes de dict � ee, la n um � erotation v o cale d'app els t � el � ephoniques

et les syst � emes de routage automobile automatique compten t parmi les domaines

d'application t ypiques en visag � es.

Dans cette th � ese, nous nous in t � eressons au cas le plus di�cile de l'adaptation

au lo cuteur, o � u l'on fait usage d'une quan tit � e r � eduite de donn � ees, d'o � u son nom

d'adaptation r apide . Nous a v ons d � ev elopp � e les deux tec hniques d'adaptation

classiques, nomm � emen t MLLR et MAP . De plus, nous a v ons � etudi � e deux m � etho-

des in ternes �a STL, compar � e leurs p erformances resp ectiv es ainsi que leurs rela-

tions th � eoriques. Une nouv elle tec hnique d'adaptation, MLED, et des v arian tes

on t � et � e con� cues et mises en �uvre.
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Chapter 1

In tro duction

In this section, I will presen t useful notations and de�nitions regarding sp eec h

recognition. The in tended readership is assumed to ha v e had prior exp osure to

sp eec h recognition and no attempt is made to explain or demonstrate an y of

the quoted results and metho ds. Only material used in the remainder of this

rep ort is presen ted. F or further information, please refer to [RJ94 , JH96 ].

The section is organized as follo ws: �rst, the c haracteristics of sp eec h are

discussed. Then, a short excursion in to sp eec h recognition is tak en to describ e

the general blo c k system of curren t sp eec h recognition systems. The particular

mo delling tec hnique kno wn as hidden Mark o v mo delling is review ed. Also, w e

brie
y presen t feature extraction.

1.1 Characteristics of sp eec h

Muc h lik e signal pro cessing, sp eec h recognition attempts to extract information

buried in a w a v eform and guess the emitted signal sym b ol from a discrete al-

phab et. Also akin to sp eec h pro cessing, the signal ma y ha v e undergone some

c hannel distortion from the source to the receiv er. Eac h transformation alters

the signal and therefore mak es it more di�cult to recognize.

Ho w ev er, the sp eec h signal b ears some sp eci�c v ariabilit y that is di�cult to

express mathematically . T o b e e�ectiv e, a sp eec h recognizer has to either �nd

a represen tation that inheren tly cancels these e�ects, or to em b o dy a structure

that tak es care of these v ariations.

In this section, w e en umerate the sources of suc h v ariations. F or the sak e

of simplicit y , w e will in tro duce arbitrary classi�cations to help us understand

the di�eren t situations in whic h suc h v ariabilit y o ccurs. Ho w ev er, one should

b ear in mind that the classi�cation is somewhat arbitrary and as a consequence

the classes and their resp ectiv e e�ects on sp eec h migh t o v erlap. Go o d insigh t

in to the e�ects describ ed b elo w helps one to dev elop understanding of apparen t

idiosyncrasies in the results. The material giv en here is a summary of [JH96 ].

� St yle v ariations: these are the sp eak er-con trolled v ariations. St yle ma y

1



CHAPTER 1. INTR ODUCTION 2

con v ey information or b e required b y the con text. Examples of st yle in-

clude carefulness, clearness, articulateness, etc.

� Con text: the con text in whic h the pro duction o ccurs has some e�ect on

the sp eec h. It ma y in
uence the sp eaking rate, st ylistic v ariations and

stress. An example of a con text is man-mac hine dialogue.

� stress: this group includes emotional factors and the v ariabilit y induced

b y the en vironmen t. T ypical examples for these are fear and the Lom bard

re
ex.

� V oice qualit y: this section includes e�ects suc h as tense v oice, whisp ering,

etc.

� Sp eaking rate: the rate at whic h the sp eec h is pro duced also a�ects in tel-

ligibilit y .

In addition to these, ph ysiological di�erences suc h as gender also a�ect the

sp eec h. F or instance, it is widely accepted that females ha v e a shorter v o cal tract

and a high pitc h. Also, they migh t also b e more lik ely to ha v e a lo w er v olume

v oice. More generally , w e organize the source v ariabilit y in to linguistic, in tra-

and in ter-sp eak er, en vironmen t, and con text v ariabilities. F actors that driv e

in ter-sp eak er v ariabilit y are of utmost in terest here and include ph ysiological

con�guration, age, nativ e language, etc. They a�ect other v ariabilities.

1.2 Sp eec h Recognition

In t ypical recognition systems, there are t w o phases:

� a training phase, where the recognizer system is initialized.

� a recognition phase, where the recognizer system is used to �nd out what

w as said

Figure 1.1 T raining Phase

lab el: `a'

lab el: `a'

HMM: `a'

TRAINING

mo del parameters
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Figure 1.2 Recognition Phase

lab el: ??

RECOGNIZER

LABEL: `a'

Figure 1.3 Prepro cessing stage

Data acquisition F eature extraction

prepro cessor output

ra w signal s ( t ) observ ation v ectors o

t

Figure 1.2 sho ws a t ypical recognition system.

A t the en trance of the prepro cessing mac hine, w e ha v e a sp e e ch signal ,

for instance the sampled and quan ti�ed v oltage of a microphone. The pre-

pro cessing mac hine then attempts to extract the relev an t information in to T

n -dimensional v ectors. Eac h of these v ectors is called an observation ve ctor

and in turn eac h comp onen t of these v ectors is called a fe atur e . The sequence

O = ( o

1

; : : : ; o

t

; :::; o

T

) is said to b e an observation , utter anc e , or r e alization .

The n um b er of suc h observ ation v ectors is called the length of the observ ation.

A tr anscription is a sequence of discrete sym b ols (called lab els ) that are seman-

tically asso ciated with an observ ation, or b y abuse of language with a corpus.

The particular mapping of a transcription with observ ation indices t in O is

called a se gmentation of O with regards to the transcription.

W e call an y set of observ ations a c orpus . This, in turn, is dubb ed either a

tr aining c orpus or a test c orpus when used in the training or recognition phase,

resp ectiv ely . The n um b er of observ ations in a corpus, denoted Q , is called

the size of the corpus. When the corpus is large enough to hold an y p ossible

utterance of the lab el, w e sa y that w e ha v e a ful ly r epr esentative r e alization for

the lab el. If it only holds a reasonably large n um b er of suc h utterances, w e sa y

that w e ha v e a su�ciently r epr esentative r e alization . Finally , if w e only ha v e

a small corpus, the corpus is th us p ossibly non represen tativ e and therefore w e

are said to ha v e an insu�ciently r epr esentative r e alization . F urthermore, the
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greater the corpus, the more r eliable the implied mo del will b e.

1.3 Hidden Mark o v Mo dels

Figure 1.4 Left-to-righ t mo dels

non emitting

state

non emitting

state

output output

b

(1)

( � ) b

(2)

( � ) b

( S � 2)

( � )

output

a

00

a

11

a

22

a

S � 1 ;S � 1

a

12

a

S � 2 ;S � 2

a

01

s

0

s

1

s

2

s

S � 2

a

S � 2

S � 1

s

S � 1

�

(1)

1

; �

( S � 2)

1

;

�

(2)

1

;

�

(1)

2

�

(2)

2

�

( S � 2)

2

The theory and implemen tation are w ell-kno wn and will not b e rep eated here.

Rather, w e presen t our notation and particular assumptions.

F or this thesis, w e use left-to-righ t HMMs with output on transitions. Eac h

observ ation v ector has dimension n . The probabilit y of an observ ation v ector

o

t

to b e emitted if the HMM is in state s , selecting mixture comp onen t m is:

b

( s )

m

( o

t

) =

1

(2 � )

n= 2

j C

( s )

m

j

1 = 2

exp �

1

2

�

o

t

� �

( s )

m

�

T

C

( s ) � 1

m

�

o

t

� �

( s )

m

�

(1.1)

where

� �

( s )

m

is the mean of the m -th comp onen t of the mixture gaussian of the

state ( s ). It is an n -dimensional v ector.

� C

( s )

m

is the co v ariance matrix of the mixture comp onen t m of state ( s ).

It is assumed diagonal and its in v erse is called the pr e cision matrix. The

co v ariance is therefore an n � n -dimensional matrix with n p ossibly non-

zero comp onen ts.

The output probabilit y for the whole state is

b

( s )

( o

t

) =

M

s

X

m =1

b

( s )

m

( o

t

) c

( s )

m

(1.2)

where
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� M

s

is the n um b er of comp onen ts of the mixture probabilit y distribution

of state s

� c

( s )

m

is the comp onen t w eigh t asso ciated to the m -th gaussian of state s .

Giv en that the HMM is in state ( s � 1), the probabilit y that it go es to the

next state ( s ) is called the transition probabilit y and written a

s � 1 ;s

.

1.4 P erceptual Linear Predictiv e features

In this section, w e brie
y summarize ho w the fron t-end w orks. Its task is to

transform w a v eforms in the time domain in to v ectors of observ ation carrying

relev an t features for sp eec h recognition.

Figure 1.5 repro duces the blo c k diagram of the Per c eptual Line ar Pr e dictive

(PLP) fron t-end. The main idea is to use linear predictiv e analysis on data that

corresp ond to those of the ear.

Figure 1.5 PLP Blo c k diagram
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Chapter 2

Adaptation

This part summarizes the sp eak er adaptation approac h.

Sp eak er-dep enden t mo dels usually p erform b etter than sp eak er-indep enden t

mo dels. Sp eak er adaptation refers to the set of tec hniques that try to mo dify

sp eak er-indep enden t mo dels to appro ximate sp eak er-dep enden t mo dels.

2.1 General Idea

Figure 2.1 Adaptation: blo c k diagram

AD APT A TION

adaptation utterances

Sp eak er Indep enden t

Adapted mo del

Supp ose w e ha v e a sp eak er indep enden t mo del SI. The SI mo del has b een trained

on a large observ ation data set O

0

. Let O b e the adaptation utterance, and let S

b e the test utterance. W e w an t to �nd a mo del using O and starting from SI that

maximizes L ( O j � ). W e sa y that w e ha v e a su�cien tly represen tativ e realization

when w e ha v e enough observ ation data to construct a reliable measuremen t. In

some cases, w e will also ha v e a su�cien tly represen tativ e realization for S .

The adaptation utterance O is generally small and therefore unreliable. The

idea is to �nd an in telligen t metho d for ha ving SI mo v e to w ards the sp eak er-

dep enden t mo del (SD) that maximizes E L ( S j � ). Since O is small, w e ha v e to

6
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�nd heuristics that minimize the v ariance of the mo del and p ossibly asymptot-

ically (that is, when w e ha v e a fully represen tativ e realization for O ) con v erge

to SD.

2.2 Issues

There are t w o kinds of scarcit y of adaptation data:

1. unseen parameters: here, w e do not see all of the mo del, but for instance

only a few of its HMMs. Th us, w e ha v e to use redundancy b et w een pa-

rameters to infer unseen parameters from seen ones, for instance b y t ying

parameters. If there is the same n um b er of observ ations for all parameters,

then w e sa y that O is b alanc e d .

2. small n um b er of utterances: if the in tra-sp eak er v ariabilit y for the sp eak er

b eing adapted is large, the amoun t of adaptation data required increases.

In the case of a small amoun t of adaptation data, o v er-reliance on these

data to adapt the mo del ma y giv e an adapted mo del that is unreliable

b ecause it is ev en further from the true sp eak er-dep enden t mo del than

w as the original SI mo del. The resulting phenomenon is called o v er�tting.

This giv es rise to the issue of �nding go o d seed mo dels or go o d priors.

Ov er�tting is sho wn on �gure 2.2.

The legend for the �gure is:

A = M ( O ) (2.1)

TST = M ( S ) (2.2)

SD = M ( O

1

) = arg max

�

L ( O

1

j � ) (2.3)

SI = M ( O

0

) = arg max

�

L ( O

0

j � ) (2.4)

where

M ( � ) is the mo del inferred from an observ ation

O is the adaptation utterance

S is the test utterance

O

1

is a fully represen tativ e realization for the giv en sp eak er

O

0

is the training sequence for the sp eak er indep enden t mo del

In that �gure w e represen t t w o cases of adaptation. The cloud represen ts

the v ariabilit y of the sp eak er. The sp eak er-dep enden t mo del is at the cen ter of

this cloud. In the �rst case (the top part of the �gure), the SI is far a w a y from

SD, so that adaptation is lik ely not to o v er�t. In the second case, the SI mo del

is relativ ely close to the cloud, and w e are lik ely to o v er�t.

As w e can see, when v ar ( A ) and v ar ( T S T ) are so large (unreliable mo dels),

w e ha v e a large probabilit y of o v er�tting the mo del: when SI is far a w a y from

TST, then w e can appro ximate TST u SD u A, else w e will o v er�t.
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Figure 2.2 Ov er�tting

SD

A

SI

TST

TST

SD

A

SI
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2.3 The mo des of adaptation

Dep ending on the task, adaptation can b e carried out in di�eren t w a ys. If w e

kno w the transcription (the concatenation of the corresp onding mo dels) of the

adaptation utterance, then the adaptation is said to b e sup ervise d . If w e don't,

the adaptation is unsup ervise d .

The adaptation is called incr emental or online when w e w ait un til w e ha v e

a reasonable amoun t of data b efore adapting. When w e adapt ha ving the full

adaption utterance, then w e call this o�ine .

2.4 Prop erties of adaptation

There are three prop erties that w e w an t to use to understand the domain of

application of eac h adaptation metho d. They are asymptotic con v ergence, ro-

bustness with resp ect to unseen units, and implemen tation cost.

2.4.1 Asymptotic con v ergence

When the adaptation is in tended to b e running on a reasonably large amoun t of

data, then w e w an t it to b e equiv alen t to the MLE when the amoun t of data for

the sp eak er b ecomes in�nite. If A ( � ) is the mo del obtained from the adaptation

corpus O

( Q )

, Q the corpus size, then w e w an t to write:

lim

Q !1

A ( O

( Q )

) � lim

Q !1

arg max

�

f ( O

( Q )

j � ) (2.5)

Suc h prop ert y is useful in dictation systems, for instance, and in all systems

where the amoun t of adaptation data is small and then con tin uously b ecomes

larger.

2.4.2 Unseen units

Another prop ert y is imp ortan t in v ery fast adaptation. W e w an t the adapta-

tion metho d to up date the parameters (accurately) whether or not they ha v e

b een seen. This prop ert y is useful when the adaptation needs to b e e�ectiv e

ev en though observ ations from the curren t sp eak er for most HMM states ha v e

not o ccurred, for instance in rev erse directory phoneb o oks or airplane tic k et

reserv ation services.

2.4.3 Implemen tation cost

Sp eec h recognition is already a complex task for most em b edded systems. W e do

not wish to add to o m uc h additional cost for these systems. The cost is measured

in terms of memory use and computation. \Cheap" adaptation systems can b e

used in hand-held devices, p ortable phones, etc.
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2.5 P arameters to up date

As de�ned b y Rabiner, Mark o v Mo dels can b e de�ned as

� = ( A; B ; � ) (2.6)

Then the follo wing parameters are of in terest

� output distribution means � : these de�ne the cen ters of the gaussians

� v ariances: the gaussians are cen tered around � , and the v ariance matrices,

C , de�ne the w eigh ting of eac h feature in the distance as sho wn here

� ( o ; � ) = ( o � � )

T

C

� 1

( o � � ) (2.7)

� mixture w eigh ts: with eac h gaussian, w e asso ciate a w eigh t so that w e can

in terpret it as a gaussian transition probabilit y

� transition probabilit y: these are used to con trol the relativ e duration for

whic h the HMM should remain in the same state.

It is th us understo o d that � are the most imp ortan t parameters, since an

accurate mean is required to estimate the v ariances. In turn, � and C

� 1

are

prerequisites for mixture up dates, and so on. Also, as sho wn in [CP96 ], w e ha v e

to tak e in to accoun t the fact that gaussians in high dimensional spaces ha v e a

tendency to b e more spread out. The list ab o v e is th us sorted in decreasing

order of imp ortance.

Exp erimen tal evidence [AS96 ] has v eri�ed that the means are the most im-

p ortan t parameters to up date. In noisy en vironmen ts, ho w ev er, adaptation of

v ariances has sometimes pro v en successful. Rabiner has observ ed p o or p er-

formance due to v ariance shrinking when there is to o little adaptation data.

Also, since v ariances are second order statistics, adapting v ariances also mean

computing and storing the corresp onding second order statistics. F urthermore,

up dating v ariances ma y result in signi�can t increases in computational costs.

If w e c ho ose to up date v ariances, w e will ha v e t wice as man y parameters to

up date.

Considering this, w e will concen trate on adapting the means only .



Chapter 3

Maxim um-Lik eliho o d

adaptation

3.1 In tro duction

The basic idea b ehind this tec hnique is as follo ws. W e consider adaptation

as an additional training step: w e attempt to maximize the lik eliho o d of the

observ ations giv en our mo del, with resp ect to our mo del parameters. Therefore,

the form ulae are similar to those of the standard training pro cedure.

In this c hapter, w e giv e a more detailed explanation of this approac h. W e

�rst presen t the reestimation algorithm, follo w ed b y a mo del-w eigh ting impro v e-

men t. Then, w e describ e an appro ximation of the form ulae that comes in useful

for practical systems. Lastly , w e study its prop erties.

3.2 Maxim um-lik eliho o d estimation

In this section, w e brie
y sk etc h the deriv ation of the reestimation algorithm.

A sp eak er is a sp eec h pro duction mac hine. Giv en our pro duction, w e w an t to

optimize our mo del with resp ect to the maxim um lik eliho o d of the observ ation

giv en our mo del, assuming that new data from the sp eak er will resem ble seen

data. W e w an t to optimize the mo del using

^

� = arg max

� 2 


L ( O j � ) (3.1)

where

O is the adaptation utterance


 is where the mo del is constrained.

F or example, in em b edded reestimation 
 is set to b e the set of mo dels that

k eep the same top ological con�guration as SI and where eac h mean is free to

roam in R

n

where n is the dimension of the feature space. In MLLR, w e will

set 
 to a di�eren t univ erse.

11
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Baum ([Bau72 ]) has sho wn that the lik eliho o d can b e indirectly optimized

b y iterativ ely increasing the auxiliary function Q [ADR77]

Q ( �;

^

� ) =

X

� 2 states

L ( O ; � j � ) log [ L ( O ; � j

^

� )] (3.2)

It w as sho wn that this function can to b e indep enden tly maximized (see ap-

p endix A.2) and for the means adaptation w e need to optimize

Q ( �;

^

� ) = �

1

2

L ( O j � )

S

�

X

states s

in �

M

s

X

mixt gauss m

in s

T

X

time t

n




( s )

m

( t )[ n log(2 � ) + l og j C

( s ) � 1

m

j + h ( o

t

; s )]

o

(3.3)

where

h ( o

t

; s ) = ( o

t

� ^�

( s )

m

)

T

C

( s ) � 1

m

( o

t

� ^�

( s )

m

) (3.4)

and let

o

t

b e the feature v ector at time t

C

( s ) � 1

m

b e the in v erse co v ariance for mixture gaussian m of state s

^�

( s )

m

b e the appro ximated adapted mean for state s , mixture comp onen t m




( s )

m

( t ) b e the L (using mix gaussian m j �; o

t

)

The most imp ortan t de�nition is that of 


( s )

m

( t ). It b ears sev eral in terpreta-

tions that are useful to us. First of all, it migh t b e though t of as the p er-mixture

gaussian comp onen t of the state o ccupation probabilit y , th us




( s )

( t ) = P (b eing in state s at time t j O ; � ) =

M

s

X

m =1




( s )

m

( t )

and




( s )

m

( t ) = 


( s )

( t )

c

( s )

m

b

( s )

m

( o

t

)

P

M

s

m =1

( o

t

)

with c

( s )

m

the mixture w eigh t and b

( s )

m

= N ( o

t

; �

( s )

m

; C

( s )

m

). In tuitiv ely , this pa-

rameter quan ti�es the probabilit y of seeing a mixture gaussian giv en O ; � , in

other w ords the con tribution of that particular mixture to observing o

t

. F ur-

thermore, for Viterbi training w e set




( s )

( t ) =

�

1 ; if b est path is in that state at that time

0 ; else

(3.5)

whic h is equiv alen t to stating




( s )

( t ) =

�

1 ; if state is seen (at time t )

0 ; if unseen

(3.6)
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As w e ha v e seen, 


( s )

m

( t ) accoun ts for the reliabilit y of the mixture b eing seen.

So it should b e used as a con tribution w eigh t for the observ ation: it represen ts

the probabilit y that observ ation frame o

t

is a realization of our mixture gaussian

at that time t . Apart from fuzzy clustering in MLLR (see 4), it should not

b e used to determine the amoun t of adaptation the parameter should receiv e,

b ecause the v ery idea is that unseen parameters ( 


( s )

m

( t ) = 0) should b e adapted.

3.3 Optimizing �

The reestimation form ulae are (see [RJ94 ]):

^�

( s )

m

=

P

t




( s )

m

( t )( o ( t ) � �

( s )

m

)

P

t




( s )

m

( t )

(3.7)

In the remainder, w e de�ne

A

0

=

X

t




( s )

m

( t ) (3.8)

A

1

[ j ] =

X

t




( s )

m

( t ) o ( t )[ j ] ; j = 1 : : : n (3.9)

A

2

[ j ] =

X

t




( s )

m

( t ) o ( t )[ j ]

2

j = 1 : : : n (3.10)

as resp ectiv ely the zer o-th or der , �rst or der , and se c ond or der statistics or ac-

cumulators . Bear notice that, since w e only adapt the means, then there is no

need to compute the second-order statistics.

F or practical reasons, it is con v enien t to compute these statistics using the

forwar d-b ackwar d algorithm as de�ned in [RJ94 ]. Since these are the set of

su�cien t statistics for our mo del parameters, then it is natural that our other

algorithms will mak e use of these accum ulators.

3.4 Deleted in terp olation

Giv en the o v er�tting criterion explained in section 2.2, the exact optim um of

the log-lik eliho o d migh t not b e the b est solution to our problem. W e do not

w an t to mo del the observ ation p erfectly . Rather, w e retain a part of the initial

SI mo del using a linear w eigh ting form ula.

Figure 3.1 illustrates the concept. The notation w as in tro duced for �gure 2.2,

page 8. MLE is the maxim um-lik eliho o d estimate.

W e can use deleted in terp olation ([RJ94 ]) as a simple solution

^

M = (1 � " ) SI + " MLE (3.11)

and " is the con�dence w e ha v e in A. If w e use the n um b er of wrong letters

when deco ding the test sen tence using the SI as the distance to the TST mo del:

� ( S I ; T S T ) = # wrong letters when deco ding S = total # of letters (3.12)



CHAPTER 3. MAXIMUM-LIKELIHOOD AD APT A TION 14

then w e can set

" _ � ( S I ; T S T ) (3.13)

Figure 3.1 Deleted in terp olation vs iteration steps

SI

MLE
" = : 5

iteration

i = 1

i = 3

" = 1

i = 2

i = 1

" = : 3

i = 1

Generally , w e use an exp ectation-maximization (EM) iterativ e algorithm to

estimate MLE, in some cases also called Baum-W elc h training ([RJ94 ]). The

algorithm iterativ ely mo v es to w ards MLE from SI. Figure 3.1 sho ws ho w deleted

in terp olation di�ers from setting a n um b er of iterations. The di�erence is three-

fold:

1. w e only ha v e discrete lev els when truncating EM (the iteration n um b er is

an in teger)

2. w e do not ha v e a linear in terp olation if w e truncate EM

3. to carry out real deleted in terp olation, w e need to run EM and then in-

terp olate (so w e need to remem b er the initial mo del)

Because of the third p oin t, setting the n um b er of iterations to an empirically

determined v alue (usually t w o or three) is m uc h more customary and con v enien t.

Sometimes, w e w an t to use a com bination of b oth: mak e a single step and a

linear in terp olation to w ards that step.

Therefore, for the means up date case, w e mak e use of the latter up date

form ula:

^�

( s )

m

= (1 � " ) � + "

P

t




( s )

m

( t ) o ( t )

P

t




( s )

m

( t )

(3.14)

W e w an t to ha v e some more con trol o v er the learning function and conse-

quen tly w e c hange " in to " ( q ), where q is the n um b er of the adaptation session.

3.5 Viterbi mo de

In the deco ding pro cess, w e usually do not w an t to use a forw ard bac kw ard

algorithm, but rather a Viterbi deco ding. T o use the form ulae in the Viterbi

case, w e need to set the state o ccupation probabilit y ,




( s )

( t ) =

�

1 ; if b est path is in state s at time t

0 ; else

(3.15)
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Remem b ering that w e ha v e ([RJ94 ]),




( s )

m

( t ) = 


( s )

( t )

c

( s )

m

N ( o

t

; �

( s )

m

; C

( s )

m

)

L ( o

t

j s )

(3.16)

w e ha v e th us the opp ortunit y to use Viterbi again or not to yield resp ectiv ely




( s )

m

( t ) =

�

c

( s )

m

; if m is arg max

r

c

( s )

r

N ( o

t

; �

( s )

m

; C

( s )

m

)

0 ; else

(3.17)

or




( s )

m

( t ) = 


( s )

( t )

c

( s )

m

N ( o

t

; �

( s )

m

; C

( s )

m

)

b

( s )

( o

t

)

(3.18)

If w e c ho ose form ula (3.17), I will call this ful l Viterbi mo de, else w e use

form ula (3.18) for semi Viterbi mo de.

3.6 Prop erties

W e study this algorithm in ligh t of what w as said in the in tro duction (sec-

tion 2.4):

� con v ergence: b y de�nition, MLE con v erges. As the n um b er of utterances

a v ailable approac hes in�nit y , MLE is a go o d estimator of the true sp eak er-

dep enden t mo del. Ho w ev er, simple deleted in terp olation do es not con-

v erge. If w e use the adaptation incremen tally , it will con v erge.

� robustness to unseen units: w e do not adapt unseen units. In large-

v o cabulary systems, this is a problem. W e ha v e to use t ying with deleted

in terp olation to ac hiev e our goal.

� cost: the cost is minimal. W e mak e a forced alignmen t, an additional pass

to compute the statistics, and then up date the mo dels.

3.7 Curren t metho d

In the curren t STL metho d, w e use

� 
 as the set of mo dels that ha v e HMMs with means allo w ed to tak e an y

v alue in R

n

� Viterbi o ccupation probabilities

� single step of the iterativ e maximization with deleted in terp olation

� only up date seen parameters and w orks in immediate mo de.

In brief, this is a Viterbi retraining with an em b edded deleted in terp olation.

It is a simple and e�cien t metho d. W e will use it as a baseline for comparison.

A detailed description of the algorithm is giv en in the app endix B.3.



Chapter 4

Maxim um-Lik eliho o d

Linear Regression

In this section w e describ e maxim um lik eliho o d linear regression (MLLR) in

particular. W e will concen trate on means-only adaptation b ecause means are

the most imp ortan t comp onen ts to up date.

4.1 A�ne transformation

W e use an a�ne transformation of the mean v ectors, that is

^� =

2

6

6

6

4

^�

1

^�

2

.

.

.

^�

n

3

7

7

7

5

= W

2

6

6

6

6

6

4

1

�

1

�

2

.

.

.

�

n

3

7

7

7

7

7

5

(4.1)

where n is the observ ation dimension. Denote � = [ 1

.

.

. �

T

]

T

and call it

augmente d me an ve ctor .

W e need to �nd the n � ( n + 1)-matrix W .

Replacing in to equation 3.3, deriving with resp ect to W , and solving for W

16
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(see app endix A.3), w e get

Z =

X

mixture m

in class c

X

time t




m

( t )�

� 1

m

o ( t ) �

T

m

(4.2)

G

( i )

�

=

g

j q

( i )

=

M

c

X

m =1

v

( m )

ii

d

( m )

j q

(4.3)

V

( m )

=

T

X

t =1




m

( t ) C

� 1

m

(4.4)

D

( m )

= �

m

�

T

m

(4.5)

where




( s )

m

( t ) =

"

�

s

( t ) �

s

( t )

P

N

r =1

�

r

( t ) �

r

( t )

#

c

( s )

m

N ( o

t

; �

( s )

m

; C

( s )

m

)

L ( o

t

j s )

(4.6)

is the mixtur e o c cup ation pr ob ability and w e get eac h ro w of the

w

i

T

= G

( i ) � 1

z

T

i

(4.7)

where w

i

is the i th ro w of W and z

i

is the i th ro w of Z .

4.2 Regression classes in MLLR

A regression class is the analog of mixture t ying in the standard training phase.

A regression class ties mixtures to the same adaptation matrix. There are

roughly three gran ularit y lev els in our case:

� global t ying: all output are transformed b y a matrix W

� t ying b y HMM: all mixtures b elonging to the same HMM (i.e. to the HMM

suc h as a phoneme in a con text-indep enden t system) will b e up dated with

the same matrix

� t ying b y state: matrices are allo w ed to go across mo del b oundaries, but

all mixtures in the same state are up dated with the same matrix. This

allo ws us, for instance, to di�eren tiate phonemes within the adaptation.

States b elonging to a phoneme can b e iden ti�ed with phonetic kno wledge

and dynamic programming alignmen t.

� t ying b y mixture: this is the most general regression class generation.

It do es not ha v e a particular meaning and has dubious applicabilit y in

Viterbi mo de. If a mixture is shared b y states of di�eren t units, this t yp e

of t ying is \orthogonal" to the others.
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The more w e tie mixtures together, the few er parameters w e will ha v e to esti-

mate, but also unfortunately the coarser our appro ximation will b e. Leggetter

and W o o dland ([L W95b ]) v eri�ed that for a giv en adaptation corpus size, there

w as an optimal n um b er of classes (with resp ect to the error rate). A commonly

accepted empirically determined minim um v alue is ab out 3 utterances p er class

(see [AS96]).

Gales (in his tec hnical rep ort [Gal96 ]) used more elab orate sc hemes for the

generation of regression classes. While his sc heme indeed impro v ed the lik eli-

ho o d L ( O j � ), there w as no impro v emen t in the error rate (deco ding the test

corpus S ).

Since our problem instance (see 7.3.1) is someho w a degenerate case, w e feel

there migh t b e no p oin t in in v estigating the more complicated sc hemes ourselv es.

W e ha v e one utterance p er w ord (and 26 w ords). On the mo del-gran ularit y lev el,

the trees can hence b e built man ually , from phonetic kno wledge. As men tioned,

the mixture-lev el gran ularit y can b e built only from acoustic measures and will

probably not yield b etter results. If w e w an t to use state gran ularit y , w e ha v e 8

states p er w ord (using left-to-righ t mo dels, no skip), and therefore the regression

classes should hold roughly at least 8 states � 3 utterances = 24 states. The

adaptation corpus will also b e phnetically T un balanced.

The heuristics and pro cedures for the tree building and up dates are di�cult

and it is felt that, again, the gain in error rate do es not justify suc h an increase

in complexit y .

4.3 Implemen tation

In m y �rst attempt to implemen t MLLR (see app endix B.1), I w as computing

the G and Z matrices for ev ery observ ation time frame o

t

, whic h mean t O ( n �

( n + 1) � ( n + 2)) computations for eac h time frame, to reduce memory use.

W e can reduce the computational cost considerably b y factoring the form ulae

as sho wn in [L W95a ] (section 2.3):

Z =

X

s

X

m

C

( s ) � 1

m

"

T

X

t




( s )

m

( t ) o

t

#

[1

.

.

. �

( s ) T

m

] (4.8)

G

( i )

=

X

s

X

m

�

v

ii

�

�

m

�

T

m

(4.9)

where v

ii

is the i th diagonal comp onen t of

V

( s )

m

=

"

X

t




( s )

m

( t )

#

C

( s )

m

(4.10)

Therefore, w e only need to compute the follo wing accum ulator for eac h mix-
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ture

A =

"

T

X

t




( s )

m

( t )

.

.

.

T

X

t




( s )

m

( t ) o

T

t

#

T

(4.11)

So w e need one n + 1 v ector for eac h mixture, v ersus n � ( n + 1) � ( n + 2)

p er regression class, with a gain of O ( n � ( n + 2)) in the computational cost.

In the original implemen tation, it w ould tak e appro ximately 10 seconds for

eac h letter utterance on a Lin ux p266 system. The fast implemen tation no w

tak es less than 10 seconds to complete a sp eak er (i.e. to go through one rep eti-

tion of the alphab et and up date the means).

T o implemen t the algorithm e�cien tly (in terms of computational costs), w e

need to pro ceed in �v e phases

1. initialize accum ulators to zero

2. compute the accum ulators in the forw ard-bac kw ard algorithm (see equa-

tion 4.11)

3. gather the results in n [ G

( i )

.

.

. z

T

i

] matrices (see equations 4.8, 4.9, 4.10

and 4.5).

4. in v ert the i matrices and m ultiply with z

T

i

with equation 4.7.

5. up date the means using equation 4.1.

The costs in memory and computation are giv en in B.4.



Chapter 5

Maxim um a p osteriori

In this c hapter, w e presen t maximum a p osteriori (MAP) adaptation as de-

scrib ed b y Gauv ain and Lee (e.g. [GL94 , GL92 ]).

5.1 In tro duction

Un til no w, w e ha v e only b een concerned ab out maximizing the lik eliho o d of an

observ ation due to the mo del. This is a correct approac h if w e ha v e in�nite

data from a sp eak er: information ab out new data from the sp eak er is already

con tained in the training utterances. Ho w ev er, in the case of fast adaptation,

w e ha v e only a few and quite unreliable utterances.

Therefore, as with deleted in terp olation, w e will use a priori information

on the mo del parameters so as not to o v er�t. W e can th us regard MAP as an

optimal in terp olation with resp ect to the a p osteriori distribution, f ( � j O ). The

new idea is to use prior kno wledge explicitly (ie something that w e kno w b efore

adapting).

The �rst section of this c hapter de�nes the problem, the next presen ts a

solution. After that, w e describ e practical problems particular to that metho d.

The last section discusses the prop erties of the metho d.

5.2 Optimization Criterion

In order to get a �rm understanding of the metho d, let us mak e a short in v es-

tigation of estimation theory (see [Slo97 ]). W e need to �nd parameters that

mo del a source from a pro duction (or an observ ation) O . W e de�ne the b est

v alue of parameters that minimizes an arbitrary cost C ( � ) asso ciated with the

v alues: the cost is nil if the parameters are correct, and semi-p ositiv e elsewhere.

If

^

� is the set of absolutely parameter v alues, and our estimate is

~

� , then w e

20
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ha v e to de�ne a C ( � ) suc h that

C (

^

� ;

~

� ) =

(

0 ; if

^

� =

~

�

� 0 ; elsewhere

(5.1)

Let T b e our test corpus observ ations. T is b y h yp othesis p erfectly generated

b y

^

� . An example cost function migh t b e

C (

^

� ;

~

� ) = # of wrong letters while deco ding T (

^

� ) using

~

� (5.2)

p ossibly normalized b y the n um b er of sym b ols in the correct sen tence (that is

the de�nition of the error rate). Note that in the theoretical case there is an

in�nite n um b er of

~

� 6=

^

� suc h that C (

^

� ;

~

� ) = 0.

Because w e ha v e a �nite set of pro ductions from

^

� at adaptation time, whic h

w e denote O and call adaptation data, our estimate

~

� is a sto c hastic v ariable

through O :

~

� = function of O (5.3)

Since

~

� is a random v ariable, the cost C (

^

� ;

~

� ) is also non-deterministic.

Our �nal goal is to minimize the exp ected v alue of the cost function due

to O , whic h in turn w e call the risk function:

R (

^

� ;

~

� ) = E

: j O

C (

^

� ;

~

� ) (5.4)

F or mathematical tractabilit y , w e use the absolute cost function as de�ned b e-

lo w, rather than the error rate:

C (

^

� ;

~

� ) =

(

0 ; if jj

^

� �

~

� jj < "

� 0 ; if jj

^

� �

~

� jj > "

(5.5)

and " arbitrarily small.

Giv en this, the optimal estimator is that whic h maximizes the a p osteriori

function as giv en b y

�

M AP

= arg max

�

f ( � j O ) (5.6)

F or ob vious reasons, the name of this estimator is MAP .

W e will no w tak e an alternate view of the form ula. Using Ba y es' theorem,

w e ha v e

�

M AP

= arg max

�

f ( � j O ) = arg max

�

L ( O j � ) P

0

( � ) (5.7)

and L ( O j � ) is the lik eliho o d of the observ ation giv en the mo del. W e discard

P ( O ) based on the assumption that it do es not dep end on the mo del. P

0

( � ) is

kno wn as the prior pr ob ability density function (p df ) of the mo del: it summarizes

kno wledge that w e ha v e ab out the mo del b efore doing an y observ ation.
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F or instance, if w e quan tize the mo dels, then w e de�ne �

i

as the cen troids,

p

i

the asso ciated w eigh t to eac h cen troid (eg the probabilit y of a v ector b eing in

that cluster, the n um b er of observ ed samples of mo dels asso ciated to a cluster

divided b y total n um b er of samples), and K the n um b er of clusters, i = 1 :::K ,

then a prior migh t b e:

P

0

( � ) =

K

X

i =1

p

i

P ( � = �

i

) (5.8)

5.3 Up date F orm ulae

Unfortunately , the complexit y of HMMs is suc h that w e cannot, for the sak e

of mathematical tractabilit y , ha v e an y prior p df (see [GL94 , GL92 ]). A more

detailed explanation is giv en in the app endix A.5 . F or the clarit y of the exp os � e,

w e only state k ey results.

The prior p df is set to a pro duct of m ultiv ariate Diric hlet and normal-

Wishart (or normal-gamma) densities:

P

0

( � ) =

K

Y

k =1

c

	

k

� 1

k

j r

k

j

( �

k

� n ) = 2

exp

�

�

�

k

2

( �

k

� �

0

k

)

T

r

k

( �

k

� �

0

k

)

�

exp[ �

1

2

tr( u

k

r

k

)]

(5.9)

Consequen tly , prior kno wledge is con tained in the parameters of P

0

( � ), and

for the means these are �

k

and �

0

k

, for the w eigh ts 	

k

, and for the v ariances �

k

and u

k

.

Again, let us consider the adaptation of the means only . Our prior p df

is cen tered around �

0

k

, and �

k

de�nes the in v erse disp ersion (ie the precision)

around it. F or these reasons, w e shall call �

0

as the prior me ans and �

k

, the

reliabilit y of the prior.

Similarly to the ML estimate, the observ ation do es not de�ne su�cien t

statistics for the estimate. Again, w e use the EM algorithm to optimize the

parameters iterativ ely . Thanks to our c ho osing P

0

( � ) within the family of con-

jugate prior p dfs for O , b y de�nition f ( � j O ) b elongs to the same as P

0

( � ) and

in our case a pro duct of normal-gamma densities. The v alue for whic h this p df

is maxim um is called the mo de

^�

k

= arg max

�

f ( � j O ) (5.10)

It p ertains to the prop erties of normal-gamma densities and is giv en b y

^�

k

=

�

k

�

0

k

+

P

t


 ( t ) o

t

� +

P

t


 ( t )

(5.11)

Comparing to the ML form ula

^�

( M L )

k

=

P

t


 ( t ) o

t

P

t


 ( t )

(5.12)
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w e strengthen our in tuition ab out � and �

0

.

As � increases to in�nit y , the estimate is just the prior: w e ha v e total con-

�dence of the prior. As � decreases to zero, w e rely totally on the observ ation

(whic h is equiv alen t to the ML estimate).

5.4 Estimating the prior parameters

Since the k ey di�erence b et w een this approac h and ML lies in the prior kno wl-

edge of the mo del, and b ecause prior kno wledge is expressed on the sole basis

of �

0

k

and �

k

, then w e ha v e to address the issue of �nding the correct v alues for

these. These parameters are sometimes called hyp erp ar ameters .

Prior Means

In the original MAP pap ers, w e use SI priors. It means that the mo de of the prior

densit y �

0

k

is set to the SI mo del. Ahadi-Sark ani [AS96 ] has in v estigated the

use of other priors. He has applied sp eak er clustering to obtain sev eral mo dels.

Then, he used as prior whatev er cen troid w ould yield the b est deco ding score:

�

0

= arg max

� 2f �

1

;�

2

;::: g

f ( O j � ) (5.13)

This can b e though t of as sp eak er-deco ding prior adaptation. Since P

0

( � )

no w dep ends on O , w e ha v e to regard MAP as an estimate re�nemen t, or an

optimal v ersion of deleted in terp olation.

The metho d of sp eak er clusters has t w o ma jor practical problems:

� it is hard to de�ne the clusters and build the sp eak er-cluster dep enden t

mo dels. This is p erformed o�ine.

� during the adaptation, w e ha v e to p erform as man y forced alignmen ts

or deco dings (in the sup ervised and unsup ervised mo des resp ectiv ely) as

there are of clusters.

Subsequen tly , w e used the same concept but made use of other metho ds to

estimate the prior means. W e �rst compute an adapted mo del giv en O , and

then mo v e it further to w ards O . Figure 5.1 explains the concept. W e start o�

from SI, the sp eak er-indep enden t mo del. M L = arg max

�

L ( O j � ) is the ML

estimate for the adaptation utterance. The A p oin t is obtained with another

adaptation metho d, for instance MLLR (see c hapter 4): A = M ( O ). M ( � ) is

an adaptation metho d. It is hop ed that \A" is closer to the sp eak er-dep enden t

mo del SD. W e dra w the curv es corresp onding to the di�eren t v alues of � . When

� = 0, b oth curv es in tersect at ML. When � = 1 , then w e are at the starting

p oin t of the curv e, namely the prior mean. W e see that there is an optimal

v alue of � that leads to the closest estimate on the curv e to SD.
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Figure 5.1 MAP using di�eren t priors

SI

SD

ML

A

MAP j SI

MAP j A

The heuristic parameter

The most con v enien t w a y of �nding �

k

is to ev aluate it as an a p osteriori con-

stan t: p erform adaptation, and test it, for all p ossible v alues of � and pic k the

b est one. This, ho w ev er, is incompatible with � b eing part of the training-based

only data. So as to use neither test nor adaptation data, w e p erform adaptation

using subsets of the tr aining data to estimate � . Another alternativ e is to use

the empirical Ba y es' approac h ([AS96]).

In the practical en vironmen t, ho w ev er, the test database is quite di�eren t

from the training data. Therefore, � is purely a function of the mismatc h b e-

t w een the test and the training conditions and therefore no particular metho d-

ology can b e applied (eg refer to the libstr database 7.3).

5.5 Prop erties

W e analyze the three prop erties of this algorithm, namely

� con v ergence

� robustness to unseen units

� cost

Asymptotic con v ergence

Consider an in�nitely long sen tence. Then

lim

T !1

�

M AP

= lim

T !1

� �

0

+

P

t




t

o

t

� +

P

t




t

=

P

t




t

o

t

P

t




t

= �

M L

(5.14)

The cum ulated evidence

P




t

tak es precedence o v er � and the �

M AP

b e-

comes the sp eak er-dep enden t estimate. MAP adaptation is asymptotically con-

v ergen t.
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Unseen units

When no data is a v ailable for a mixture, then the cum ulated evidence is v oid

and (for � > 0),

lim

T ! 0

�

M AP

= lim

T ! 0

� �

0

+ 


t

o

t

� +

P




T

= �

0

(5.15)

W e do not adapt unseen mixtures. This is a problem. Sev eral metho ds

suc h as RMP [AS96] and EMAP solv e the problem b y \guessing" the unseen

parameters giv en the seen parameters. A computationally c heap replacemen t for

the exp ensiv e EMAP uses the minim um cross-en trop y (MCE) criterion [AH98]

also exists. Note that it is not suc h an imp ortan t problem if w e use MLLR or

MLED as priors.

Cost

The cost of applying the algorithm is v ery lo w: it just consists of computing the

accum ulators and up dating the parameters with a simple form ula. F urthermore,

w e ha v e almost no additional cost if w e use the MAP form ula righ t after MLLR

or MLED adaptation.

Concerning the memory use, if w e use only one iteration then there is no

additional cost.

This adaptation is v ery ligh t w eigh t.

5.6 Ba y esian linear regression

Consider applying the maxim um a p osteriori criterion to the linear regression

as exp osed in c hapter 4. This problem is di�cult to tac kle in general. The prior

densit y is de�ned on the transformation parameters:

P

0

( � ) = P

0

( W ) (5.16)

The complexit y of MLLR is suc h that w e can lev erage the requiremen t that

P

0

( � ) b elongs to the conjugate priors of O : the problem is already hard.

W e will explain the approac h used b y Chien and W ang [CW97 ]. Let us

consider a sligh tly di�eren t transformation that also rescales the v ariance

^� = A� + b (5.17)

^

C

� 1

= AC

� 1

A

T

(5.18)

W = [ b

.

.

. A ] (5.19)

whic h is referred to b y Gales [Gal97 ] as constrained transformation. Em b ed-

ding the transformation parameters in the second-order statistics considerably
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cripples mathematical and computation tractabilities. A is the linear transfor-

mation and b is the bias v ector. W e will restrict the matrix A to b e diagonal.

W e c ho ose the prior densit y to b e a join t gaussian with diagonal co v ariance:

P

0

( W ) = P ( A; b ) =

(

0 ; if w

ij

6= 0 ; i 6= j; i; j = 1 ; :::n

p

0

( a; b ) ; else

(5.20)

with a the v ector of the diagonal of A , w e ha v e

p

0

( w ) =

1

2 �

p

K exp

�

�

1

2

[ a � �

a

b � �

b

] K

� 1

�

a � �

a

b � �

b

��

(5.21)

K is the precision matrix, that is, the in v erse of the co v ariance of a; b . The

exp ectation of a (for instance 1 for a diagonal matrix) is �

a

and that of b is �

b

(for instance 0 for no bias). Let k

ij

refer to the sub-comp onen t of K .

Again, w e use the EM-algorithm for MAP optimization. The bias is (for

eac h dimension)

b =

�

P

t

o

t

� w

C [ i ]

+ (1 � � ) f k

22

�

b

� k

12

( a � �

a

) g a

2

�

P

t

C [ i ] + (1 � � ) k

22

a

2

(5.22)

This time, ho w ev er, it is hard to �nd an analytic solution that solv es

@ R

@ A

: w e can

not solv e the auxiliary function. W e ha v e to use the steep est-descen t algorithm

to �nd iterativ ely the b est a v ector for eac h iteration of the EM algorithm.

When A is assumed to b e the iden tit y , the optimal bias reduces to

b =

�

P

t

o

t

� w

P

C [ i ]

+ (1 � � ) �

b

C [ i ]

P

t

C [ i ] + (1 � � ) =�

2

b

(5.23)
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Eigen v oices

In this c hapter, w e apply the concept of eigen v oices [Kuh97 ] to sp eak er-adaptation.

The general concept, ho w ev er, has a broad range of application domains suc h

as co ding, sp eak er iden ti�cation, sp eak er v eri�cation, etc.

W e will start b y brie
y presen ting eigen v oices in the ligh t of sp eak er adap-

tation. Then, w e presen t the issues and their solutions as a class of adaptation

tec hniques using the concept. F urthermore, while w e alw a ys refer to sp eak er

adaptation most of the material can b e transp osed to other t yp es of adapta-

tion, suc h as adaptation to recording conditions.

This tec hnique w as in v en ted b y Roland Kuhn [Rol98 ].

6.1 Constraining the space

The problem of o v er�tting is due to the large v ariabilit y of observ ations. The

idea is to decrease the n um b er of degrees of freedom of the mo del to b e able to

estimate it more robustly . Of course, this approac h has some dra wbac ks in that

the more w e constrain the mo del the less accurately w e are able to estimate it.

Hence w e ha v e to �nd the minimal set of in trinsic parameters and constrain the

mo del to it.

T o explain the matter, w e c ho ose MLLR as an example. F or instance, it has

b een observ ed that MLLR requires a minimal n um b er of adaptation sen tences to

b e e�ectiv e. The solution is obtained through tying . The issue of the generation

of the regression classes has b een explored to �nd a go o d w a y of t ying the

distributions together. Reducing the n um b er of degrees of freedom increases

the n um b er of statistics used to estimate eac h in trinsic (free) parameter and

henceforth the reliabilit y with whic h these parameters are estimated. T o solv e

the issue of the balance of seen statistics p er parameter, the MLLR comm unit y

has devised a dynamic tree-based adapt-and-descend approac h, ensuring that a

minimal amoun t of data is seen to estimate a transformation, thereb y smo othing

the histogram of seen statistics p er parameters.

27



CHAPTER 6. EIGENV OICES 28

Figure 6.1 Constraining the mo del
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SI
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V alid region

V ariabilit y

Figure 6.1 illustrates another w a y of in terpreting the reduction of degrees of

freedom.

In this diagram, the white region represen ts the set of SD mo dels p ossible

purely on the basis of adaptation data; the shaded region sho ws where (based

on a priori information) SD mo dels ma y b e lo cated. The adapted mo del deriv ed

b y this metho d (blac k square) m ust lie in the in tersection of the t w o regions.

The terminology has b een in tro duced in section 2.2. As w e see, a more accurate

estimate is obtained through use of kno wledge of where the SD mo del should

lie. Th us, w e ha v e a notion of \allo w ed" regions in the full parameter space,

just as w e ha v e bigrams in the searc h grammar.

6.2 Eigen v oices and sp eak er-space

When the n um b er of parameters b ecomes to o large, as is the case with face

recognition, and considering the phenomena co v ered in the previous section,

w e w an t to reduce the dimension of the problem. W e apply the approac h of

iden tifying the in trinsic degrees of freedom that has pro v ed successful in face

recognition (see [TP91 ]): eigenfaces. T o reduce the dimensionalit y of the prob-

lem, w e apply a linear dimension tec hnique called princip al c omp onent analysis

(PCA [Jol86 ]). PCA is w ell kno wn and has b een applied successfully to a wide

range of problems. F or instance, it has b een applied in sp eec h recognition at

the feature-lev el. Our approac h considers the mo dels and is thereb y new in that

resp ect.

Giv en a set of sp eak er-dep enden t mo dels, PCA disco v ers the linear directions

that accoun t for the largest v ariabilit y . In tribute to eigenfaces, w e will call the

v ariabilit y directions herewith deriv ed eigenvoic es and the space spanned b y
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these v ectors eigensp ac e . It is b eliev ed that SD mo dels reside in this space.

Th us, if w e call the space spanned b y all SD mo dels the sp e aker sp ac e , then the

eigenspace is a linear appro ximation of it.

Figure 6.2 represen ts t w o sp eak ers, the mo dels corresp onding to their adap-

tation utterances, and the eigenspace constrain t. W e see that b oth sp eak er-

dep enden t mo dels, SD

1

and SD

2

are lo cated on the eigenspace. The adaptation

utterances, ho w ev er, ha v e in tra-sp eak er v ariabilit y and are unreliably estimated.

They are far from the eigenspace.

Figure 6.2 Constraining with eigenspace

SI

SD

2

SD

1

A

2

eigenspace

A

1

W e attempt to use prior kno wledge of where in the full parameter space the

mo del should lie: this w e called the eigensp ac e . T o get a rough idea of the

reduction in v olv ed, consider a mo del comprising all letters of the alphab et, 6

emitting states, and a one-gaussian output distribution p er state. Additionally ,

supp ose w e ha v e one example of eac h letter to adapt with. The feature v ector has

18 dimensions and the a v erage n um b er of feature v ectors p er mo del is roughly

40 frames. Please refer to c hapter 7 for a more detailed description. Then:

� the full dimension of the problem, as em braced b y ML estimation, is

26 mo dels � 6

states

mo del

� 1

gaussian

state

� 18 features = 2808 parameters
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The ratio of seen statistics p er free parameters, denote � , is v ery lo w and

of the order of the a v erage n um b er of frames the HMM sta ys at a giv en

state. Since the a v erage n um b er of frames p er mo del is 40, then if w e

supp ose the frames will b e uniformly distributed on the states, and then

uniformly distributed on the output distributions, then the ratio � of seen

statistics p er degrees of freedom is

40 frames = 6 states = 1 distribution � 6 : 7 = �

M L

This is probably one of the w orst ratios w e can ac hiev e. But it b ears

the go o d prop ert y that all free parameters receiv e the same amoun t of

statistics, and hence w e sa y that the ratio is b alanc e d .

� for MLLR, using a global matrix, w e ha v e 18 � 18 = 324 degrees of freedom.

Then the ratio of seen statistics p er in trinsic free parameter (degree of

freedom) is also balanced and equal to

40

6

�

2808

324

� 8 : 7 �

M L

� for MLLR using one matrix p er HMM, then again � is balanced and equal

to

�

M L

�

2808

26 � 324

� : 33 �

M L

� for MLLR using HMM clusters, the ratio is not guaran teed to b e balanced

an ymore, and is equal to

�

M L

�

2808

324

� a v erage n um b er of HMMs in eac h cluster

Note that w e can use the same statistics to estimate more than one pa-

rameter. In this case, ho w ev er, the free parameters will not receiv e the

same amoun t of data, hence w e can state that � is not balanced in this

case.

� for MAP , w e consider the training SI database as adaptation utterances.

T o accoun t for the sp eak er mismatc h, w e set the � parameter to equal the

equiv alen t n um b er of times the gaussian is seen, thereb y leading to

� = �

M L

+ �

� for eigen v oices, in the case where the statistics are spread ev enly on the

parameters then, if the dimension of the eigenspace is E = 5, w e obtain:

� = �

M L

�

2808

5

� 562 �

M L

W e can sa y that eigen v oices has the b est � v alue. W e hop e that reducing

the dimension will not mak e the estimation to o rough. This assumption is

reasonable inasm uc h as PCA yields the direction that b ear the largest v ariabilit y .
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6.3 Pro jecting

T o k eep in line with the eigenfaces literature, w e presen t the original metho d. In

eigenfaces, the v alues of the free in trinsic parameters (the w eigh t asso ciated to

eac h eigen v oice, or eigenvalue ), are obtained through a pro jection of the picture

on to the eigenspace.

Consequen tly , w e build a MLE mo del corresp onding to the adaptation ut-

terance. W e enforce the eigenspace constrain t b y pro jecting the mo del on to the

eigenspace. Therefore, the algorithm can b e describ ed as follo ws:

1. Estimate the eigenspace P = [ � � (1)

T

::: �� ( E )

T

] from o�ine data. If N is

the dimension of the mo del ( � ), then P is a matrix of dimension ( N � E )

2. F or the adaptation, iterate for eac h EM iteration

(a) Compute the accum ulator A =

�

P

T

t




( s )

m

( t )

.

.

.

P

T

t




( s )

m

( t ) o

T

t

�

T

This

step is iden tical to the forw ard-bac kw ard step of the Baum-W elc h ML

estimate.

(b) up date with ^�

M L

=

P

T

t




( s )

m

( t ) o

t

P

T

t




( s )

m

( t )

3. Pro ject the sup erv ector using �

E V

= P

T

P ^�

M L

Note that RMP (see [AS96 ]) is similar to estimating eigenspaces at run-time.

RMP has to estimate the regression during adaptation (whic h is v ery costly) to

ensure a go o d � -ratio, b ecause the n um b er of parameters is unkno wn.

6.4 Missing units

As underlined in section 2.4, the issue of missing data is v ery imp ortan t in

fast sp eak er-adaptation. The problem with the pro jection approac h resides in

the MLE: unseen means will remain unc hanged and therefore the ratio of seen

statistics p er parameter � is v ery un balanced at this p oin t. The pro jection

op erator smo othes the distribution but in an uncon trolled w a y . W e w an t to

devise a metho d that uses all the statistics to estimate eac h eigen v alue and

thereb y ac hieving balance of the � -ratio. It will enable us to mak e the b est use

of the adaptation data. The next metho d solv es the problem. This metho d

w as devised b y me during m y sta y at STL and is the sub ject of a US paten t

application (see [P at98 ]).

6.5 Maxim um-lik eliho o d estimation

The main di�erence with image pro cessing is that sp eec h recognition uses a

hidden pro cess and the parameters are hidden, and therefore there exists no

su�cien t statistics of �xed dimension that w e can use to estimate the mo del

parameters. My idea w as to use the w ell-kno wn EM algorithm to complete the

data and optimize our mo del giv en the completed data.
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6.5.1 The ML framew ork

In the ML framew ork, w e wish to maximize the lik eliho o d of an observ ation O =

o

1

: : : o

T

with regards to the mo del � . It has b een sho wn that this could b e done

b y iterativ ely maximizing the auxiliary function Q ( �;

^

� ), where � is the curren t

mo del at the iteration, and

^

� is the estimated mo del. W e ha v e

Q

b

( �;

^

� ) = �

1

2

P ( O j � )

S

�

X

states s

in �

M

s

X

mixt gauss m

in s

T

X

time t

n




( s )

m

( t )[ n log (2 � ) + l og j C

( s )

m

j + h ( o

t

; s )]

o

(6.1)

where

h ( o

t

; s ) = ( o

t

� ^�

( s )

m

)

T

C

( s ) � 1

m

( o

t

� ^�

( s )

m

) (6.2)

and let

o

t

b e the feature v ector at time t

C

( s ) � 1

m

b e the in v erse co v ariance for mixture gaussian m of state s

^�

( s )

m

b e the appro ximated adapted mean for state s , mixture comp onen t m




( s )

m

( t ) b e the P (using mix gaussian m j �; o

t

)

In the next section w e express the constrain t of � 2 eigenspace , and the

corresp onding maxim um of the Q ( � ; � ) function.

6.5.2 Ho w to appro ximate ^�

( s )

m

?

Expressing mo del in terms of eigen v ectors

The in tuition is to searc h within the space of SD mo dels. Let this space b e

spanned b y the sup er mean v ectors �� ( j ) with j = 1 : : : E ,

�� ( j ) =

2

6

6

6

6

6

6

6

6

6

6

4

��

(1)

1

( j )

��

(1)

2

( j )

.

.

.

��

( s )

m

( j )

.

.

.

��

( S

�

)

M

S

�

( j )

3

7

7

7

7

7

7

7

7

7

7

5

(6.3)

where ��

( s )

m

( j ) represen ts the mean v ector for the mixture gaussian m in the

state s of the eigen v ector (eigen v oice) j .
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Then w e need

^� =

2

6

6

6

6

6

6

6

6

6

6

4

^�

(1)

1

^�

(1)

2

.

.

.

^�

( s )

m

.

.

.

^�

( S

�

)

M

S

�

3

7

7

7

7

7

7

7

7

7

7

5

=

E

X

j =1

w ( j ) � � ( j ) (6.4)

The �� ( j ) are orthogonal and the w ( j ) are the eigen v alues of our sp eak er

mo del. W e assume here that an y new sp eak er can b e mo deled as a linear

com bination of our database of seen sp eak ers. Then

^�

( s )

m

=

E

X

j =1

w ( j ) � �

( s )

m

( j ) (6.5)

with s in states of � , m in mixture gaussians of M

s

.

Substituting in to Q ( �;

^

� )

Since w e need to maximize Q ( �;

^

� ), w e just need to set

@ Q

@ w

e

= 0 ; e = 1 : : : E (6.6)

(Note that b ecause the eigen v ectors are orthogonal,

@ w

i

@ w

j

= 0 ; i 6= j .)

Hence w e ha v e

@ Q

@ w

e

= 0 =

S

�

X

state s

in �

M

s

X

mixt gauss m

in s

T

X

time t

�

@

@ w

e




( s )

m

( t ) h ( o

t

; s )

�

; e = 1 : : : E (6.7)

See the app endix for the computation of the last deriv ativ e. W e ha v e

0 =

X

s

X

m

X

t




( s )

m

( t )

8

<

:

� ��

( s ) T

m

( e ) C

( s ) � 1

m

o

t

+

E

X

j =1

w

j

��

( s ) T

m

( j ) C

( s ) � 1

m

��

( s )

m

( e )

9

=

;

(6.8)

from whic h w e �nd the set of linear equations

X

s

X

m

X

t




( s )

m

( t ) � �

( s ) T

m

( e ) C

( s ) � 1

m

o

t

=

X

s

X

m

X

t




( s )

m

( t )

E

X

j =1

w

j

��

( s ) T

m

( j ) C

( s ) � 1

m

��

( s )

m

( e ) ; e = 1 : : : E

(6.9)

F ortunately , w e ha v e only a small matrix to in v ert.
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Constrained searc h and pro jection

Figure 6.3 sho ws ho w MLED di�ers from pro jection in to the eigen v oice space.

In this �gure, assume the dimension of the full space is 2; the eigen v oice space

has dimension 1. The ellipses are the p oin ts where the ob jectiv e function f ( � )

(the lik eliho o d L ( O j � )) tak es a constan t v alue. W e w an t the optim um v alue that

lies in the eigenspace. If w e pro ject the optim um in the 2-dimensional space

(unconstrained) in to the eigen v oice space, whic h corresp onds to computing the

ML estimate and then pro jecting, then it is p ossible that w e obtain a bad v alue

for the ob jectiv e function.

Therefore, the idea is to optimize the searc h given the constrain t, rather

than applying the constrain t after the searc h.

Figure 6.3 Constraining searc h

eigenspace

pro jected mo del

optimal along the eigenspace

f(.) = 0

f(.)=2

unconstrained optim um

Note that Ahadi's RMP metho d is quite similar to eigen v oices with one

dimension, and where MAP replaces ML.

Algorithm

F orm ulae W e need to solv e:

X

s

X

m

X

t




( s )

m

( t ) � �

( s ) T

m

( e ) C

( s ) � 1

m

o

t

=

X

s

X

m

X

t




( s )

m

( t )

E

X

j =1

w

j

��

( s ) T

m

( j ) C

( s ) � 1

m

��

( s )

m

( e ) ; e = 1 : : : E

(6.10)

for w

e

, e = 1 ; :::E .

W e can write this as

v = Q w (6.11)

where the v ector of the eigen v alues is what w e need to �nd

w = [ w

1

; w

2

; : : : ; w

E

]

T

(6.12)
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The v ector v is an E -dimensional v ector, whic h can b e written

v =

2

6

6

6

6

4

P

s

P

m

P

t




( s )

m

( t ) � �

( s ) T

m

(1) C

( s ) � 1

m

o

t

P

s

P

m

P

t




( s )

m

( t ) � �

( s ) T

m

(2) C

( s ) � 1

m

o

t

.

.

.

P

s

P

m

P

t




( s )

m

( t ) � �

( s ) T

m

( E ) C

( s ) � 1

m

o

t

3

7

7

7

7

5

(6.13)

If v

e

is the e -th comp onen t of v then

v

e

=

X

s

X

m

X

t




( s )

m

( t ) � �

( s ) T

m

( e ) C

( s ) � 1

m

o

t

(6.14)

If eac h co e�cien t of the ( E � E )-matrix Q is q

ej

, ( e -th ro w, j -th column),

then

q

ej

=

X

s

X

m

X

t




( s )

m

( t ) w

j

��

( s ) T

m

( j ) C

( s ) � 1

m

��

( s )

m

( e ) (6.15)

Algorithm step b y step Therefore, the algorithm is

1. Estimate the eigenspace P = [ � � (1)

T

::: �� ( E )

T

] from o�ine data. If N is

the dimension of the mo del ( � ), then P is a matrix of dimension ( N � E )

2. F or the adaptation, iterate for eac h EM iteration

(a) Compute the accum ulator A =

�

P

T

t




( s )

m

( t )

.

.

.

P

T

t




( s )

m

( t ) o

T

t

�

T

This

step is iden tical to the forw ard-bac kw ard step of the Baum-W elc h ML

estimate.

(b) Compute Q; v

(c) Compute w = Q

� 1

v using gaussian elimination

(d) up date with ^� = P w

6.6 Estimating the eigenspace

Eigen v oice-based tec hniques rely on an accurate estimation of the eigenspace.

Tw o issues ha v e to b e addressed:

1. the qualit y of the SD mo dels

2. giv en go o d mo dels, the qualit y of the dimension reduction algorithm [PNBK97 ,

CP96 ]

Problem (1) o ccurs b ecause w e need a lot of SD mo dels to capture the in ter-

sp eak er v ariabilit y , and eac h mo del requires a lot of data to b e estimated with.

Problem (2) is inheren t to the assumptions of all eigen v oice tec hniques.
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6.6.1 Generating SD mo dels

Constructing a large database of SD mo dels is a p oten tially exp ensiv e pro cess.

T o the b est of m y kno wledge, no suc h database is easily a v ailable. F or practical

reasons, w e w an t to use a database that captures in ter-sp eak er v ariabilit y (males,

females, nativ es, non-nativ es, etc) and construct SD-lik e mo dels out of a small

n um b er of utterances. W e can generate these mo dels using the w ell-kno wn

adaptation metho ds suc h as MLLR and MAP . In the case of MLLR, there

is an in teresting prop ert y: w e use the concept of dimension reduction at the

sup erv ector lev el. That is, w e apply MLLR to estimation of the SD training

mo dels. Com bining the t w o constrain ts, w e write:

^� =

 

E

X

e =1

w

e

�

W

e

!

� =

E

X

e =1

w

e

�

�

W

e

�

�

=

E

X

e =1

w

e

��

e

(6.16)

Therefore, if w e carry out PCA at the sup erv ector lev el instead of on the

transformation matrices, then using a linear com bination of the eigen-transformations

is equiv alen t to using PCA on MLLR-deriv ed mo dels.

6.6.2 The assumptions underlying eigen v oice metho ds

The main conjecture of the eigen v oice tec hniques is that the eigenspace accu-

rately mo dels the sp eak er space. The remainder of this section describ es eac h

conjecture and p ossible �x

1. linearit y . W e assume that the space is linear. T o lo osen up this constrain t,

w e migh t w an t to use a nonlinear dimension reduction (see [CP96 ]).

2. indep endence. W e assume that the in tra-sp eak er v ariabilit y space do es not

dep end on the sp eak er space. W e can use simple in terp olation tec hniques

to mo del that.

3. orthogonalit y . W e assume that the in tra-sp eak er v ariabilit y space pro jects

in to zero on the in ter-sp eak er v ariabilit y space. The principal in tra-sp eak er

v ariabilit y space can b e found and in tegrated in a non-orthogonal pro jec-

tion in eigen v oices and b y not assuming

@ w

i

@ w

j

= 0 ; j 6= i when deriving in

MLED.

4. largest v ariance. When w e c ho ose the E -largest v ariabilit y comp onen ts as

the in ter-sp eak er v ariabilit y comp onen ts, w e assume that the in ter-sp eak er

v ariabilit y is larger for all of these dimensions. Assuming indep endence

and zero pro jection, there is a simple test w e can do to c hec k whether an y

of the principal directions is indeed an in ter-sp eak er direction.

5. large v ariabilit y has large impacts on recognition results. It is assumed

that the directions of the greatest v ariabilit y in feature v ectors are also

those that cause the greatest di�cult y for recognition p erformance. (Since

sp eec h recognition is really a discrimination problem, this assumption is

not completely v alid.)
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Linearit y

First, in practical system, due to the hidden nature of the parameters, w e only

ha v e lo cal-maximization tec hniques, so w e can safely assume that the space is

con tin uous and un b ounded around our starting p oin t. Figure 6.4 sho ws on the

left a linear space v ersus on the righ t side a non linear space.

In the remainder, for the �gures, eac h line represen ts the v ariabilit y-space

(denote � -space). F or instance, think of � � -space as the v o cal-tract length, and

2 � -space as the e�ort in loudness of the v oice.

Figure 6.4 Linear, un b ounded, and con tin uous space

� �

� �

2 � j �

0

Again, since w e are usually searc h in a v ery close lo cal space, linearit y seems

to b e a reasonable conjecture.

Indep endence

W e sincerely hop e that parameters are indep enden t of eac h other. Implicit

parameters (parameters that a�ect v ariabilit y , eg stress, length of v o cal tract)

are not indep enden t of eac h other, for instance, a sp eak er with giv en dynamics

in lungs air pressure (the � � direction) migh t not sp eak as loud (the 2 � non

indep enden t direction) in condition of anger (the 2 � orthogonal direction) as

someone else.

Figure 6.5 Indep endence of v ariabilit y spaces

� �

2 � j �

0
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Zero Pro jection

Here, w e assume that our v ariabilit y spaces are orthogonal with eac h other.

This is true if the in v ariance assumption holds for in the base system. That is,

when doing PCA, our mo dels di�er in the sp eak er-space and only in it.

Figure 6.6 Orthogonalit y (zero pro jection)

� �

2 � j �

0

Largest v ariabilit y-spaces are � � -spaces

If E is the conjectured dimension of the eigenspace, then taking the E directions

asso ciated with the largest v ariabilit y migh t not b e the b est solution. Figure 6.7

sho ws the e�ect of mistaking a 2 � for a � � .

Figure 6.8 sho ws ho w a necessary condition can b e used to assess the (in)v alidit y

of a supp osedly in ter-sp eak er v ariabilit y dimension. Eac h in ter-sp eak er v ariabil-

it y dimension m ust b y de�nition satisfy the follo wing

E d

2

2

< E d

2

�

(6.17)

Under certain assumptions, the asso ciated recip e migh t b e

1. Compute M ( O

i =1 ::N

k

) as the mo del trained on one utterance for all sp eak-

ers i , k is the k th iteration.

2. With these realizations, w e can �nd an estimate for E d

2

2

in the considered

dimension

3. Do the same to �nd the in ter-sp eak er v ariabilit y (train a mo del for eac h

sp eak er and all utterances of that sp eak er), or just extract the estimate

for E d

2

�

in the dimension

4. Chec k the condition (eg. 6.17)

Largest v ariabilit y has largest e�ects on recognition results

Figure 6.9 demonstrates the concept. Supp ose w e ha v e t w o sp eak ers, namely A

and B . Eac h sp eak er has a di�eren t cost function. The higher the cost function,
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Figure 6.7 E -Largest v ariance criterion
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Figure 6.8 A simple c hec k for the dimension
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the b etter the recognition. F or eac h sp eak er, w e ha v e dra wn the concen tration

ellipsis, �

A

for sp eak er A and con v ersely �

B

for sp eak er B . With PCA, w e

measure �

1

for eigen v oice n um b er 1, and �

2

for other eigen v ector. W e ha v e

�

1

> �

2

: the v ariabilit y for eigen v oice 1 is greater than that of eigen v oice 2.

Ho w ev er, consider p erturbing the mo dels a little bit in eac h eigen v oice directions.

It is easy to understand that due to the shap e of the landscap e de�ned b y the

cost function, with the same p erturbation w e ac hiev e a greater loss mo ving a w a y

from the optim um with eigen v oice 2. Therefore, w e see a case where the greatest

v ariabilit y has a lo w er impact on recognition.

Figure 6.9 Large v ariabilit y with lo w recognition impacts

�

1

�

2

Optim um for sp eak er A

Optim um for sp eak er B

�

B

�

A

eigen v oice 2

eigen v oice 1

6.7 Relaxing constrain ts

The tec hniques dev elop ed up to here assumed that the mo del w as in eigenspace.

Giv en an in�nite amoun t of data, the algorithm do es not con v erge to the ML

estimate. W e ha v e seen that MAP exhibits that desirable prop ert y . The the-

oretical solution is to consider the eigenspace constrain t as prior information,

yielding:

^

� = arg max

� 2 R

N

f ( O j � ) P

0

( � ) (6.18)

and P

0

( � ) is the prior densit y function that includes the information ab out the

eigenspace. Ho w ev er, the problem is mathematically hard to tac kle and also the

prior densit y around the eigenspace is hard to obtain and to express. Also, since
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there is a large in terdep endence b et w een the parameters, the solution migh t also

pro v e computationally costly .

The practical solution is to use MLED as a prior to MAP (the prior densit y

around the eigenspace is then replaced b y a normal-Wishart around the MLED

estimate). As is, this w ould in v olv e using the iterativ e EM algorithm to estimate

the eigen v alues, and then apply some additional EM iteration with the MAP

form ulae. W e simplify the pro cess b y applying the t w o reestimation form ulae at

eac h EM step. Since the use of normal-Wishart priors disallo ws the sp eci�cation

of sev eral priors, w e lose information con v ey ed b y the SI mo del except those

used to generate the complete data. W e migh t w an t to include it using deleted

in terp olation or MAP , yielding for instance

^� = (1 � " ) �

S I

+ "

�

M LE D

� +

P

t


 ( t )( o

t

� � )

P

t


 ( t )

(6.19)

W e migh t also w an t to consider MLLR instead of MAP . Of course, this also

applies to MLLR: w e can apply MAP righ t after MLLR.

6.8 Meaning of eigen v oices

In tuitiv ely , eac h eigen v oice represen ts a c haracteristic of the sp eak er. Figure 6.10

sho ws the eigen v alues of the �rst 30 set of Isolet (see exp erimen ts). The illus-

tration sho ws the 5 �rst dimensions.

Figure 6.10 Samples eigen v alues for 30 sp eak ers

0 5 10 15 20 25 30 35
-50

0

50

E
=

1

0 5 10 15 20 25 30 35
-50

0

50

E
=

2

0 5 10 15 20 25 30 35
-50

0

50

E
=

3

0 5 10 15 20 25 30 35
-20

0

20

E
=

4

0 5 10 15 20 25 30 35
-20

0

20

E
=

5



CHAPTER 6. EIGENV OICES 43

As w e can see, the 15 �rst sp eak ers all ha v e negativ e v alues for the �rst

dimension while the 15 remaining sp eak ers all ha v e p ositiv e v alues. As it turns

out, the 15 �rst sp eak ers are females. The other 15 sp eak ers are male. This

prop ert y | negativ e v alues for females and p ositiv e for males | is also found

throughout the whole database, with only 2{3 cross-gender errors. Therefore,

w e see that PCA has, b y itself, iden ti�ed the gender as the source of largest

v ariabilit y . The actual parameter that ma y b e iden ti�ed here is probably v o cal

tract length. Figure 6.11 sho ws eigen v oice 1 (represen ting gender) for eac h state.

It is di�cult to mathematically trace the e�ect of the v o cal tract length in to

PLP co e�cien ts.

Figure 6.11 Output EigenMeans for eac h states of �rst eigen v oice, mo del part

of letter `a'
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Higher order dimensions, ho w ev er, are more di�cult to in terpret. W e ha v e

tried t w o approac hes:

1. Giv en the a v ailable information on the data set, iden tify correlations with

the eigen v alues. E.g.: giv en the gender of a sp eak er, do w e kno w an ything

ab out the eigen v alues?

2. Giv en the eigen v alues, can w e infer sub jectiv e kno wledge ab out the sp eak er?

W e ha v e three t yp es of information for eac h sp eak er: gender, age, and ori-

gin. In �gure 6.12, the last ro w represen ts the age of the sp eak er. W e ha v e

sorted sp eak ers in increasing age. Eac h other ro w represen ts the corresp onding

eigen v alue for eac h dimension. The �rst dimension is clearly unrelated (there is

no relationship b et w een gender and age of enrolled sp eak ers in the database).
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F or the other dimensions, it is hard to �nd a relationship. Origin is not sho wn

but it is also hard to recognize.

Figure 6.12 Age and eigen v oices
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F or the second approac h, w e had linguists (Nancy Niedzielski, Ken Field and

Stev en Finc k e) listen to the sp eec h samples and in terpret dimensions 2 and 3.

Roughly , for dimension 2, they found

� Loudness: a negativ e v alue means loud, a p ositiv e v alue means soft. Eigen-

v oice is asso ciated to quietness.

� Duration: a negativ e v alue means quic k, at higher relativ e pitc h.

The results are more complicated for dimension 3. Eigen v oice ma y p ossibly

b e asso ciated with duration of steady-state p ortion of the v o w els.



Chapter 7

Exp erimen ts

7.1 In tro duction

This c hapter con tains results of the exp erimen ts that w e p erformed to test the

adaptation metho ds. First, w e describ e the problem. Then, w e presen t the

databases that w ere used. W e explain the di�eren t tests w e tried with their

results.

7.2 Problem

W e wish to increase the accuracy of recognition of utterances of letters of the

alphab et. The adaptation set consists of at most a full utterance of the alphab et.

W e use w ord-mo dels for letters.

The adaptation is done in a sup ervised mo de. W e use all the a v ailable data as

the observ ation b efore adapting and hence w e are p erforming o�ine adaptation.

Recognition of sp elled letters is useful for rev erse directory phoneb o oks, re-

pair dialogues, in tro ducing new w ords to the recognizer, etc.

F or the features, the concatenation of 8 PLP-cepstral parameters, energy ,

and �-cepstral co e�cien ts, resulting in an 18-dimensional observ ation v ector

w as used.

7.3 Databases

W e used three databases, corresp onding to an increasing lev el in di�cult y:

� Isolet: isolated, high qualit y , clean sp eec h

� LibStr: con tin uous, mo derate qualit y , clean sp eec h

� Carna v: con tin uous, lo w qualit y , sp eec h in car noise en vironmen t

45
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7.3.1 Isolet

The problem

The adaptation set consists of a full utterance of the alphab et. All letters are

pronounced in isolation. The test set is another utterance of the alphab et b y

the same sp eak er and in the same recording en vironmen t. Th us, b oth of the

test set and the adaptation set are balanced

1

, and b oth are also insu�cien tly

represen tativ e realizations.

F or the deco ding grammar, w e use a simple lo op grammar.

The sound �les

ISOLET is a database recorded b y the Oregon Graduate Institute (see [RA CF94 ,

RA CJ96 ]). It consists of utterances of the English alphab et sp ok en in isolation.

There are 150 sp eak ers, 75 females and 75 males, all nativ e American sp eak ers,

ages ranging from 14 to 72. Eac h of them pronounced the alphab et t wice.

Ab errations (e.g. sp eec h uttered to o so on) w ere discarded. The letters w ere

then automatically extracted and man ually review ed. The recording qualit y is

considered as high.

The database is divided in to �v e subsets, eac h of whic h con tain b oth utter-

ances of the alphab et b y 15 males and 15 females. Except for the distinction of

sex, the subsets are arbitrarily organized.

F or more information on the database and ho w to order it, please con-

sult [RA CF94 ].

The sp eak er-indep enden t mo del

W e used four sets (totalling 120 sp eak ers) to train the sp eak er-indep enden t

mo del. W e used all p erm utations due to the sets so that w e ended up with �v e

SI mo dels.

W e ha v e 27 mo dels, namely one silence and all letters of the alphab et. Eac h

mo del has eigh t states and an output probabilit y whic h comprises of 6 mixture

gaussians. No states, transitions or mixtures w ere tied. The system w as trained

with one gaussian mixture, then eac h mixture w as split in t w o, the system w as

retrained, and then the n um b er of mixtures w as tripled and a �nal retraining

to ok place.

An a v erage of around 87.2% in recognition rate w as ac hiev ed, whic h corre-

sp onds to 12.8% w ord-error.

7.3.2 Library StreetNames

Library StreetNames, or LibStr for short, w as recorded in STL's library . It

consists of 19 sp eak ers, males, females, nativ e and non-nativ e sp eak ers alik e.

F or eac h sp eak er, w e ha v e

1

In fact, the silence mo del app ears in eac h utterance, but since the recording conditions

w ere iden tical, this do es not in
uence the results
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� a full utterance of the alphab et, in �v e parts: (a,b,c,d,e,f ) { (g,h,i,j,k,l) {

(m,n,o,p,q,r) { (s,t,u,v,w) { (x,y ,z). The a v erage duration of an utterance

is 5 seconds. W e use this part as the adaptation dataset.

� utterances of 150 sp elled street names. No sp ecial sym b ols suc h as `-' w ere

used.

There is no noise in the data.

The sp eak er-indep enden t mo del w as trained on the OGI database: there is

a mismatc h b et w een the training and testing sets.

W e deco de with a bigram grammar.

7.3.3 Carna v

This database is almost the same as the previous one, except that utterances

w ere pronounced in a noisy en vironmen t (in a car). The same SI mo dels, and

deco ding grammar w ere used. W e turn on the noise reduction to p erform the

adaptation and recognition.

7.4 Goals

In this section, w e review the p oin ts that w e w an ted to clarify with exp erimen ts.

7.4.1 Viterbi vs Baum-W elc h

W e w an t to kno w whether it is practical to use Viterbi state o ccupation proba-

bilities instead of the optimal Baum-W elc h form ulae. This is motiv ated b y the

fact that practical systems use adaptation within the recognizing system. The

recognizer implemen ts Viterbi deco ding and therefore yields Viterbi accum ula-

tors. W e w an t to kno w what is the impact of using the Viterbi appro ximation.

7.4.2 MLLR Classes

Extensiv e researc h w as conducted on the problem of whic h regression classes in

MLLR [Gal96 ]. W e w an t to kno w if using complex sc hemes for the generation

and use of these classes �ts in our in terests.

MLLR w as implemen ted as a mo di�cation of the forw ard-bac kw ard algo-

rithm. W e also ha v e it in the deco der. W e used four v arian ts

� one regression class: global matrix that mo di�es all means

� p er-letter regression classes: there is one matrix p er mo del

� big clusters: w e used the follo wing clusters (built from phonetic kno wl-

edge)

1. An E-set whic h included the letters [b, c, d, e, g, p t, v, z]
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Figure 7.1 A tree represen tation of the clusters
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2. An A-set whic h included [a, f, h, j, k, l, m, n, s, x]

3. An I-set whic h included [i q u y]

4. A miscellaneous set whic h included [o, r, w] and w as up dated using

a global matrix

5. A silence set whic h included the silence only

� small clusters: w e used the same clusters except that A- and E-sets w ere

divided in t w o

1. A plosiv e E-set whic h included the letters [b, d, g, p t]

2. The remainder of the E-set whic h included the letters [c, e, v, z]

3. An A-x set whic h included [f, l, m, n, s, x]

4. The remainder of the A-set [a, h, j, k]

Figure 7.1 sho ws the classes represen ted as a tree structure.

7.4.3 Num b er of iterations

In the practical system, remem b er that w e do not w an t to ha v e more than one

iteration b ecause it w ould mean:

1. storing the prior mean for MAP j SI

2. eac h new iteration costs as m uc h as a new adaptation

3. storing the parameterized observ ation
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7.4.4 Num b er of dimensions

Eigen v oices-deriv ed tec hniques assume that dimensionalit y of the in ter-sp eak er

v ariabilit y space (eigenspace) is kno wn a priori . Carreira-P erpinan [CP96 ] sug-

gests that it is of the order of six, but has no reference to bac k up his h yp othesis.

Dimension of the eigenspace is a crucial issue in that increasing it means increas-

ing complexit y and memory use at run time, and also an increased n um b er of

sp eak er to obtain a reliable estimate of the eigenspace.

Therefore, w e w an t to kno w what is the real dimensionalit y , and ho w recog-

nition is a�ected b y reducing the n um b er of eigen v oices. The more w e reduce,

the more c hances w e mo del \pure" in ter-sp eak er v ariabilit y . The more dimen-

sions w e add in, the more c hances w e also add in tra-sp eak er v ariabilit y-tain ted

eigen v oices.

7.4.5 Sparse adaptation data

As underlined in the abstract, some applications need to up date a large n um b er

of parameters with v ery little training data. F or instance, w e ha v e v ery short di-

alogues and large-v o cabulary in airplane tic k et reserv ation systems. W e need to

disco v er the minim um amoun t of data that w e need b efore adaptation b ecomes

usable. Also, w e need to kno w whic h kind of data w e need: in some systems w e

use what w e ha v e ad ho c , in others w e can c ho ose what w e w an t the user to sa y

and fully represen t the phonetic sp ectrum. Therefore, studying scarcit y of data

in the balanced and un balanced problems is useful.

7.5 Results

7.5.1 Results on Isolet

MLLR transformation matrices

Figure 7.2 sho ws the squared mo dule of the elemen ts of a t ypical matrix.

Roughly , it is
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and the bias v ector is v ery small.

W e are using PLP-feature v ectors, so that
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Figure 7.2 The transformation matrix (squared mo dule)
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whic h means w e can iden tify the in
uence of eac h parameter set of the adapta-

tion matrix
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whic h can b e explained case-b y-case

PLP  PLP PLP parameters are orthogonal, one parameter should not a�ect another one

�  � Acceleration parameters migh t not b e orthogonal

�  PLP Acceleration parameters carry m uc h more information ab out the sp eak er.

F or instance, they are more robust to noise than static parameters

PLP  � same explanation

Recognition results for 6 Gaussians

The di�eren t v arian ts yielded the follo wing results on Isolet:

V arian t Error rate Rel impr impr degr ev en � (b etter) � (w orse)

No adaptation 12.8% 0% 0 0 150 N/A N/A

Global 9.9% 23% 79 27 44 4.1 1.7

Big clusters 9.3% 27% 87 28 35 4.0 2.2

P er-letter 11.6% 9% 64 51 35 4.3 2.0

MAP j SI 9.2% 28% 89 22 39 4.1 2.2

MAP j MLLR G 7.5% 41% 98 20 32 4.1 1.2

MAP j MLLR BC 7.7% 40% 101 22 27 4.0 1.5

The columns results are computed as follo ws:

� Error rate:

# wrong letters

n um b er of letters

� Rel impr:

SI error rate � Adapted error rate

SI error rate

� impr: n um b er of sp eak ers where the n um b er of correct answ ers increased.

This is the cum ulated results on the 5 di�eren t training test splits (eac h

with 120 sp eak ers to train the SI and 30 to test)

� degr: n um b er of sp eak ers where the n um b er of incorrect answ ers increased.

Cum ulated results on the 5 di�eren t test training test splits.

� ev en: n um b er of sp eak ers where the n um b er of correct answ ers did not

c hange. Cum ulated results on the 5 di�eren t test training test splits.
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� � (b etter): a v erage n um b er of incorrectly recognized letters using SI to

deco de the test alphab et for mo dels where adaptation impro v ed the mo del

� � (w orse): a v erage n um b er of incorrectly recognized letters using SI to de-

co de the test alphab et for mo dels where adaptation degraded the mo del's

p erformance

In other w ords

� MAP using MLLR as prior yields the b est results

� F or t w o thirds of the sp eak ers w e observ ed impro v emen ts

� Error rate drops from 12.8% to 7.5%, so there is roughly a 40% relativ e

p erformance impro v emen t.

Heuristic parameters

No w w e compare ho w metho ds compare with di�eren t v alues of the parameter:

w e w an t to kno w whether w e are sensitiv e to the heuristic parameter or not.

Metho d � = 5 � = 10 � = 20 � ! 1

MAP j SI 89.82 90.33 90.82 % 87.21 % (SI)

MAP j MLLR G 91.49 % 92.10 % 92.49 % 90.10 %

MAP j MLLR C 90.44 % 90.67 % 92.33 % 90.67 %

MAP j MLLR L 88.08 % 88.38 % 88.62 % 88.41 %

T able 7.1: Recognition Rates for Di�eren t V alues of �

7.5.2 Results on the LibStr database

Num b er of iterations

F rom this exp erimen t, w e sho w that using one iteration is a go o d idea in prac-

tice: it only degrade p erformance negligibly . W e used the Library StreetNames

database. Of course, w e used the deco der adaptation (Viterbi mo de). T ables 7.2,

7.3, 7.4, 7.5 con tain the recognition results for eac h sp eak er.

The heuristic parameter

In adaptation tec hniques where w e use parameter smo othing (MAP and Viterbi

retraining), the w eigh t giv en to the starting p oin t is usually �xed a priori . W e

ha v e conducted exp erimen ts on the libstr dataset to in v estigate the in
uence

of the v alue of the parameter on recognition results. T able 7.6 summarizes the

results. F or di�eren t v alues of the parameter, w e sho w the o v erall recognition

rate. W e can see that setting the parameter to a reasonable but not optimized

v alue is acceptable. P articularly , t w eaking MAP j MLLR do es not help m uc h.
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Spk SI 1 iteration 2 iterations

e 62.11% 64.08% 65.42%

fw 67.65% 67.47% 67.74%

jcj 60.34% 65.65% 64.71%

kh 69.28% 70.74% 70.74%

klf 70.58% 73.31% 73.59%

m ba 58.95% 66.14% 65.96%

mc 62.20% 67.40% 67.58%

mg 75.68% 78.42% 78.14%

mk 75.50% 78.92% 78.63%

nk 48.11% 50.45% 50.36%

pm 63.46% 69.90% 70.17%

pr 55.86% 71.15% 71.15%

rb 78.96% 78.38% 77.80%

rd 69.91% 80.81% 82.06%

rk 74.75% 81.63% 81.99%

scf 75.63% 77.86% 77.67%

sd 85.33% 87.09% 87.19%

tha 75.70% 76.28% 76.37%

yz 61.69% 71.69% 72.54%

Glob 67.87% 72.38% 72.52%

T able 7.2: Viterbi retraining and deleted in terp olation
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Spk SI 1 iteration 2 iterations

e 62.11% 64.25% 65.42%

fw 67.65% 67.20% 66.58%

jcj 60.34% 65.46% 66.03%

kh 69.28% 71.01% 71.10%

klf 70.58% 72.84% 73.50%

m ba 58.95% 66.42% 66.70%

mc 62.20% 65.02% 67.40%

mg 75.68% 76.87% 78.32%

mk 75.50% 76.73% 78.63%

nk 48.11% 51.08% 49.82%

pm 63.46% 68.40% 68.49%

pr 55.86% 68.44% 72.22%

rb 78.96% 79.15% 77.70%

rd 69.91% 77.92% 81.97%

rk 74.75% 78.91% 80.63%

scf 75.63% 77.12% 77.77%

sd 85.33% 85.98% 85.79%

tha 75.70% 75.51% 75.41%

yz 61.69% 70.00% 70.93%

Glob 67.87% 71.38% 72.22%

T able 7.3: MAP using SI priors
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Spk SI 1 iteration 2 iterations

e 62.11% 69.17% 72.39%

fw 67.65% 73.84% 73.66%

jcj 60.34% 72.96% 72.01%

kh 69.28% 70.83% 71.29%

klf 70.58% 76.32% 74.91%

m ba 58.95% 69.19% 68.82%

mc 62.20% 68.46% 69.07%

mg 75.68% 82.60% 81.88%

mk 75.50% 81.58% 83.10%

nk 48.11% 51.89% 51.53%

pm 63.46% 72.20% 70.96%

pr 55.86% 74.35% 74.64%

rb 78.96% 81.85% 81.95%

rd 69.91% 82.26% 83.32%

rk 74.75% 83.17% 83.53%

scf 75.63% 84.93% 83.07%

sd 85.33% 90.44% 91.09%

tha 75.70% 80.04% 79.27%

yz 61.69% 78.47% 79.41%

Glob 67.87% 75.92% 76.00%

T able 7.4: MAP using MLLR priors
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Spk SI 1 iteration 2 iterations

e 62.11% 68.45% 68.01%

fw 67.65% 73.12% 74.82%

jcj 60.34% 71.44% 70.21%

kh 69.28% 70.01% 68.73%

klf 70.58% 76.13% 74.34%

m ba 58.95% 66.97% 67.90%

mc 62.20% 66.78% 68.37%

mg 75.68% 82.51% 80.05%

mk 75.50% 81.39% 80.91%

nk 48.11% 51.62% 33.39%

pm 63.46% 70.79% 71.93%

pr 55.86% 71.93% 71.54%

rb 78.96% 81.85% 82.53%

rd 69.91% 80.71% 81.97%

rk 74.75% 82.71% 70.68%

scf 75.63% 83.91% 81.40%

sd 85.33% 90.25% 90.71%

tha 75.70% 79.46% 75.22%

yz 61.69% 76.27% 78.14%

Glob 67.87% 74.96% 73.09%

T able 7.5: V anilla MLLR
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Since this is usually the preferred adaptation metho d, w e realize that usually

w e do not ha v e to b other ab out adjusting the parameter.

MAP � = 5 72.31 % � = 10 71.83 % � = 20 70.01 %

VitRetrain � = : 5 72.06 % � = : 79 72.38 % � = : 9 71.40 %

MAP j MLLR � = 5 76.29 % � = 10 76.21 % � = 20 75.91 %

T able 7.6: Tw eaking the heuristic parameter for LibStr

7.5.3 Noisy en vironmen t

In this exp erimen t, w e apply the adaptation in a realistic en vironmen t. The

adaptation utterances are pronounced in a noiseless, clean en vironmen t. The

test set w as recorded while in a car en vironmen t. W e use a sp ectral-substraction

based noise reduction tec hnique. T able 7.7 summarizes the results. F or eac h

ro w, w e ha v e a sp eak er, and the results corresp onding to eac h adaptation

metho d, namely

� SI: no adaptation. This is the baseline system.

� Vit: with Viterbi retraining and deleted in terp olation

� MAP: the maxim um a p osteriori approac h using SI as prior mean. Tw o

di�eren t v alues of the heuristic parameter are sho wn. Normal means � =

20. Unconserv ativ e means � = 5, a hea vy reliance on observ ed data.

� MLLR: the MLLR metho d with no MAP re�nemen t.

� MAP j MLLR: MAP using MLLR adapted mo del as prior mean

� Multist yle: w e added car noise to the temp oral sp eec h signal at di�eren t

lev els, and recomputed the accum ulators. This applies to all but the last

column.

� No addnoise: adapting on clean sp eec h, without noisy \retraining".

The last ro w, Glob, sho ws the a v erage recognition rate.

Viterbi-retraining com bined with deleted in terp olation and MAP yield sim-

ilar results: where Viterbi retraining fails, MAP also fails. Using MLLR as a

prior for MAP is the b est com bination.

7.5.4 Eigen v oices results

In this subsection, w e presen t the results obtained with eigen v oices. W e used

Isolet as the database. The sp eak er-indep enden t mo del had 6 states, and one

gaussian p er mixture for all states.
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SI Multist yle No addnoise

Vit MAP MAP MLLR

Spk Normal Unconserv ativ e only MAP j MLLR MAP j MLLR

tha 62 % 68 % 68 % 67 % 67 % 72 % 61 %

fm w 62 % 61 % 61 % 57 % 63 % 66 % 66 %

ler 65 % 75 % 78 % 76 % 76 % 77 % 69 %

rcb 70 % 73 % 71 % 69 % 73 % 74 % 73 %

scf 74 % 78 % 77 % 75 % 84 % 86 % 69 %

mig 70 % 78 % 77 % 77 % 83 % 82 % 73 %

klf 70 % 74 % 76 % 73 % 77 % 76 % 72 %

ssd 86 % 85 % 84 % 86 % 88 % 87 % 83 %

lcy 54 % 64 % 65 % 65 % 63 % 68 % 60 %

m ba 55 % 58 % 58 % 61 % 66 % 68 % 58 %

g jg 81 % 84 % 85 % 86 % 79 % 81 % 79 %

phm 73 % 76 % 76 % 74 % 76 % 79 % 77 %

jac 75 % 76 % 73 % 69 % 81 % 83 % 77 %

phg 60 % 75 % 72 % 69 % 72 % 72 % 69 %

msc 53 % 55 % 56 % 59 % 64 % 64 % 60 %

yiz 61 % 69 % 70 % 74 % 63 % 68 % 64 %

nan 67 % 67 % 67 % 67 % 67 % 69 % 66 %

rls 62 % 67 % 63 % 63 % 72 % 68 % 61 %

jmc 73 % 74 % 70 % 67 % 73 % 75 % 74 %

rjz 80 % 85 % 81 % 80 % 85 % 87 % 85 %

Glob 67.55% 72.15% 71.35% 70.70% 73.60% 75.08% 69.71%

T able 7.7: Adaptation in a realistic en vironmen t
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Figure 7.3 The estimate of v ariance of the co ordinate decreases with the di-

mension
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F or eigen v oice tec hniques, w e ha v e to answ er the follo wing question: what is the

minim um in trinsic dimensionalit y of the sp eak er space? In other w ords, ho w

man y parameters do w e need to estimate to ha v e an accurate mo del? If w e

estimate to o man y dimensions, then w e ma y catc h in tra-sp eak er v ariabilities.

When the dimensionalit y reac hes in�nit y , it is easy to sho w that

lim

E !1

�

M LE D

= �

M L

(7.5)

w e con v erge to the maxim um-lik eliho o d estimation. If w e ha v e to o few dimen-

sions, on the other hand, the constrain t is to o strong.

By construction, when using PCA, dimension k + 1 is estimated from the

residual errors of dimension k . Figure 7.3 sho ws the estimated v ariance. Due

to PCA's ordering, the smaller dimensions accum ulate the largest v ariances.

v ariabilit y is larger than in tra-sp eak er v ariabilit y . Figure 7.4 sho ws the relativ e

error for eac h dimension:

Relativ e error =

X

sp eak ers

q

( w

(test)

e

� w

(ref )

e

)

j w

(ref )

e

j

(7.6)

Figure EvsER sho ws recognition results as a function of the dimensionlit y

of the eigenspace. Using MAP after MLED is v ery helpful since the recognition
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Figure 7.4 Normalized Euclidean distance
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Figure 7.5 Cho osing the dimensionalit y of the eigenspace
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rate b ecomes almost constan t. When the dimensionalit y is small, then MLED

imp oses v ery strict constrain ts and the recognition results su�er, and when w e

add dimensions w e �nd a b etter estimate. After E = 10, the eigen v alues b ecome

small and ha v e a lo w impact on recognition results.

Sparse adaptation data

The most in teresting case for MLED is where w e ha v e a v ery small amoun t

of adaptation data. W e sho w that MLED p erforms considerably b etter than

MLLR, MAP or an y com bination those of.

As underlined in the in tro duction (see 2.2), there are t w o di�eren t phenom-

ena o ccurring when w e lac k enough data. T able 7.8 sho ws recognition results for

the metho ds when w e ha v e balanced missing data: w e ha v e remo v ed 9 letters,

� 4 letters from the A-set: A, H, K, L.

� 4 letters from the E-set: B, E, P , T.

� 1 letter not b elonging to the previous sets: O.

Metho d Recognition Results

MAP j MLLR G 82.87 %

MAP j SI 82 %

MLED (E=10) 87.54 %

SI 81.2 %

T able 7.8: Recognition Rates with balanced missing data

W e no w mak e the problem harder for MLLR: w e remo v e all 9 letters of the

E set (B, C, D, E, G, P , T, V, Z). T able 7.9 summarizes the results.

Metho d Recognition Results

MAP j MLLR G 81.08 %

MAP j SI 84.69 %

MLED (E=10) 86.51 %

SI 81.2 %

T able 7.9: Recognition Rates for un balanced adaptation data

With almost no adaptation data, standard adaptation tec hniques just yield

un usable estimates. This time, w e compare MLED with di�eren t dimension of

the eigenspace. T able 7.10 sho ws the results. W e used letters A, B, C, and U

to adapt the mo del.

F or minimal adaptation data, w e observ e that, surprisingly , MLED still

w orks. T able 7.11 sho ws adapting still helps. W e use only one letter to adapt
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Dimension Recognition Results

E=1 85.13 %

E=5 86.36 %

E=10 86.61 %

SI 81.2 %

T able 7.10: Adapting with a small amoun t of data

with. W e tried with t w o letters of the alphab et, A, and S. As the dimension

increases, error rate also increases, but w e can still estimate the few �rst eigen-

v alues quite accurately . Adapting with `A' is easier b ecause it is a v o w el. W e

are able to guess the �rst dimension (sex) quite accurately .

Dimension Letter A Letter S

E=1 84.97 % 85.08 %

E=5 85.67 % 84.38 %

E=10 83.69 % 82.64 %

SI 81.2 % 81.2 %

T able 7.11: Adapting with one letter

T o summarize, �gure 7.6 sho ws the learning curv e for MLED using 1, 5,

and 10 dimension. While b eing a p opular measure, learning curv es are not

meaningful p er se as long as w e do not sp ecify if the data is balanced. F or this

graph, w e used

� A for one adaptation utterance

� A,B,C,U for four utterances

� (C, D, F, G, I, J, M, N, Q, R, S, U, V, W, X, Y, Z) for sev en teen utterances

� the full alphab et for 26 utterances

7.6 Summary

In short, w e can conclude that

� it is alw a ys b etter to use MAP j MLLR rather than MLLR only .

� it is b est to use MAP j MLLR with one global matrix

� w e are relativ ely insensitiv e to heuristic parameters

� using Viterbi instead of Baum-W elc h do es not h urt
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Figure 7.6 Learning curv e: error rate vs n um b er of adaptation utterances
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� there is little adv an tage in using MAP j SI rather than the curren t (opti-

mized) Viterbi-based adaptation

� it is safe to truncate the EM-algorithm to the �rst iteration

� MLED p erforms v ery w ell when adaptation data b ecomes scarce

� the n um b er of dimensions w e should use dep ends on the amoun t of adap-

tation data

� using sp eak er adaptation, one can exp ect appro ximately 20 % to 40 %

relativ e impro v emen t in the error rate.



Chapter 8

Conclusion

In this c hapter, w e explain in short what has b een accomplished during m y

in ternship. W e start b y stating our ob jectiv es for the in ternship, and ho w they

ha v e b een met. Then, w e summarize the results and theoretical dev elopmen ts

that constitute the core of this rep ort. Lastly , w e en vision further researc h in

the area.

8.1 Goals and ac hiev emen ts

F or the Eur � ecom industrial thesis, w e ha v e to meet t w o requiremen ts:

1. academic relev ance: the studen t has to demonstrate mastery of concepts

acquired during his training and abilit y to learn new theoretical concepts.

In our case, the goal w as to understand MLLR and MAP .

2. industrial relev ance: the studen t has to pro v e usefulness to the en terprise

b y dev eloping actual, relev an t material. In our case, it consisted of imple-

men ting MLLR and MAP .

I ha v e ac hiev ed the follo wing p oin ts:

1. academic relev ance: a new metho d, based on eigen v oice, w as dev elop ed.

Its mathematical form ulation w as completed. V arian ts and impro v emen ts

w ere in v en ted. It sho w ed considerable impro v emen t for sparse data. Adap-

tation metho ds w ere theoretically compared. I am co-author of t w o pub-

lication submissions.

2. industrial relev ance: three US paten t applications w ere submitted. MLED,

MLLR and MAP w ere implemen ted, tested, and compared. A com bina-

tion of these (MAP j MLED and MAP j MLLR) w as devised, and generated

considerable impro v emen ts. A practical, useable implemen tation w as re-

alized.

64
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8.2 Summary

Throughout this in ternship, I w ork ed on sp eak er adaptation . I de�ned a set of

prop erties to compare adaptation tec hniques formally . Tw o p opular adaptation

tec hniques, MLLR and MAP , w ere implemen ted. A t this p oin t w e w ere able

to repro duce exp erimen ts from the state-of-the-art literature, as a baseline for

comparison.

Then, a com bination of MLLR and MAP w as implemen ted, increasing p er-

formance b y almost one third. F urthermore, a new adaptation tec hnique that

applies the ML criterion to eigen v oices w as designed and tested. V ery promising

results in the case of sparse adaptation data w ere obtained.

It is hop ed that researc h on the eigen v oices idea will con tin ue.

8.3 F uture W ork

Compared to MLLR and MAP , eigen v oices is still immature. It has not b een

publicly presen ted y et. Th us, the researc h comm unit y did not ha v e a c hance to

w ork on it y et, as opp osed to other adaptation tec hniques. Y et, v ery comp etitiv e

results ha v e b een observ ed.

Therefore, it is felt that future w ork should fo cus on eigen v oices. Moreo v er,

since our estimate dep ends strongly on the eigenspace, one should explore:

� exp erimen ting on medium- to large-v o cabulary systems

� estimation of the eigenspace using realistic size of databases.

� the un balancedness with resp ect to sp eak er-v ariet y in the training set of

sp eak ers should b e considered.

� guiding the eigenspace-disco v ery algorithm (eg with LD A) migh t pro v e

useful

� the abilit y of eigen v oices to w ork on en vironmen tal v ariet y should b e tested

and explored as w ell.

� for dictation systems, w e should deriv e a metho d for transp osing the

eigenspace to unkno wn test conditions (eg user's o�ce en vironmen t). In

telephone-based systems, qualit y (mobile, sp eak er-phone, pa y phone, etc)

and bac kground noise are sources of v ariabilit y .

� databases that catc h all these v ariabilities should b e constructed.
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Mathematical deriv ations

A.1 Exp ectation-Maximization Algorithm

The ob jectiv e w e are striving for is that of optimizing the lik eliho o d of an

observ ation L ( O j � ) b y c hanging the mo del parameters. W e sho w ed ho w to

compute this lik eliho o d giv en a mo del in the in tro duction 1.3.

Due to the hidden nature of the pro cess (see �gure A.1), there exists no

su�cien t statistics of �xed dimension for the mo del parameters: giv en the ob-

serv ation v ectors, w e do not kno w for ho w m uc h time the HMM sta y ed in eac h

state and whic h mixture gaussian w as used to pro duce the v ector.

Figure A.1 Hidden Mark o v Pro cess

?
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?

?

?

?

?

observ ation frames

There is no kno wn algorithm to solv e the problem of optimizing the mo del �

giv en the observ ation only . This problem is called the inc omplete data problem

b ecause w e do not kno w the state sequence / mixture comp onen t sequence

that pro duced the realization. T o solv e this issue, w e complete our data b y

estimating missing data with our curren t �t. Using our new solution, w e re�ne
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our estimation of missing data and apply the pro cedure again with a new, b etter

�t.

In the next subsection, w e presen t a sk etc h of the corresp onding mathemat-

ical dev elopmen t.

A.1.1 Mathematical form ulation

W e start o� with our curren t �t

^

� , the mo del that w e re�ne. W e also ha v e O ,

the observ ed data. The incomplete data problem is

O ! ( � ; � ) ; max

�

L ( O j � )

With � the state and mixture comp onen t sequences pro vided b y the optimal

mo del. W e appro ximate these with the ones pro vided b y

^

� , to solv e the (easier)

complete data problem:

O ; ( � ; � ) ! max

�

L ( O j � )

D = ( O ; � ; � ) is all w e need to solv e the problem and hence is referred to as

complete data.

Since w e are unsure of our state-mixture comp onen t sequence, it is wise to

maximize the exp ectation of the function giv en

^

� and the observ ation

Q ( �;

^

� ) = E

h

log L ( O ; � ; � j � ) j O ;

^

�

i

(A.1)

If w e let

H ( �;

^

� ) = E

h

log L ( O ; � ; � j O ; � ) j O ;

^

�

i

(A.2)

and observ e that

log L ( O j � ) = Q ( �;

^

� ) � H ( �;

^

� ) (A.3)

Jensen's inequalit y is applied on H ( � ;

^

� ),

H (

^

� ;

^

� ) = E

h

log L ( O ; � ; � j O ;

^

� ) j O ;

^

�

i

� H ( �;

^

� ) (A.4)

and therefore increasing Q ( � ;

^

� ) also increases log L ( O j � ). The exp ectation giv en

the mo del is obtained through summation o v er all p ossible state and mixture

sequences,

Q ( �;

^

� ) =

X

� 2 �

X

� 2 	

�

L ( O ; � ; � j � ) log L ( O ; � ; � j

^

� ) (A.5)

This is called the exp e ctation step (E-step).
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F or HMMs, the lik eliho o d of the completed data is

L ( O ; � ; � j � ) = a

�

T

N

T

Y

t =1

a

�

t � 1

�

t

c

( �

t

)

�

t

b

( �

t

)

�

t

( o

t

) (A.6)

W e can replace this expression in the previous form ula. Maximization sat-

is�es

@ Q

@ �

= 0 (A.7)

This is the maximization step (M-step).

A.1.2 Extension of the algorithm to MAP

In the MAP case, w e w an t to optimize (using Ba y es' rule)

log f ( � j O ) = log f ( O j � ) + log P

0

( � ) (A.8)

A little though t con vinces us that with

log f ( � j O ) = Q ( �;

^

� ) � H ( �;

^

� ) + log P

0

( � ) (A.9)

rede�nition of the auxiliary function as

R ( �;

^

� ) = Q ( �;

^

� ) + log P

0

( � ) (A.10)

is su�cien t to generalize the EM-algorithm to the MAP optimization criterion.

A.2 Q -function factorization

As stated in section 3.2, w e need to optimize

Q ( �;

^

� ) =

X

� 2 �

L ( O ; � j � ) log L ( O ; � j

^

� )

with � = ( �

1

; :::; �

T

) a state sequence, and � the set of all p ossible state se-

quences for that observ ation.

If w e consider eac h mixture comp onen t m as a parallel branc h in the state

sequence, w e are able to decomp ose the auxiliary function in to

Q ( �;

^

� ) =

X

� 2 �

X

� 2 	

�

L ( O ; � ; � j � ) log L ( O ; � ; � j

^

� ) (A.11)

with similarly � = ( �

1

; :::; �

T

) a mixture comp onen t sequence and 	

�

the set of

all p ossible mixture comp onen t sequences giv en � . The lik eliho o d will then b e

L ( O ; � ; � j � ) = a

�

T

N

T

Y

t =1

a

�

t � 1

�

t

c

( �

t

)

�

t

b

( �

t

)

�

t

( o

t

) (A.12)
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Substituting the last form ula in to the Q function, w e get

Q ( �;

^

� ) =

X

� 2 �

X

� 2 	

�

L ( O ; � ; � j � )

(

log ^ a

�

T
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X

t

log ^ a

�
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X

t
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t
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^
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)
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( o

t

)

)

(A.13)

W e are only in terested in means up date, so that ^c = c and ^a = a , and w e

can write

Q ( �;

^

� ) = Q

a

( �; f a

ij

g ) + Q

b

( �;

^

b

( s )

m

) + Q

c
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( s )
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g ) (A.14)

with

Q

b

( �;

^

b

( s )
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X

t

L ( O ; �

t
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t

= m j � ) log

^

b

( s )

m
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t

)

(A.15)

and Q

a

, Q

b

constan t.

De�ning the mixture comp onen t o ccupation probabilit y and the state o ccu-

pation probabilit y as resp ectiv ely
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So w e can conclude that the function w e need to optimize is
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( t ) log
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( o
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) (A.19)

= L ( O j � )

X
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( t )
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n log(2 � ) log j C

( s )
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t

� ^�

( s )

m

)

T

C

( s ) � 1

m

( o

t

� ^�

( s )

m

)
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(A.20)

A.3 Maximizing Q with W

F rom section A.2, w e ha v e deriv ed the form ula of the function w e need to opti-

mize:

Q =

1

2

L ( O j � )

X

s

X

m

X

t




( s )

m

( t )[ n log (2 � ) + log j C

( s )

m

j + h

( s )

m

( o

t

)

where

h

( s )

m

( o

t

; s ) = ( o

t

� ^�

( s )

m

)

T

C

( s ) � 1

m

( o

t

� ^�

( s )

m

)
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Ha ving completed the mathematics for the means lik eliho o d computations

in the HMM case (see section 3.2), w e no w w an t to optimize this function with

an a�ne transformation as explained in section 4.1, eq. 4.1. T o ac hiev e this, w e

di�eren tiate Q

@ Q

@ W

=

1

2

L ( O j � )

X

s

X

m

X

t




( s )

m

( t )

@

@ W

h

( s )

m

( o

t

) (A.21)

Since

h

( s )

m

( o

t

) =

�

o

T

t

C

( s ) � 1

m

o

t

+ [1

.

.

. �

( s ) T

m

] W

T

C

( s ) � 1

m

W

2

4

1

� � �

�

( s )

m

3

5

� 2[1

.

.

. �

( s ) T

m

] W

T

C

( s ) � 1

m

o

t

�

(A.22)

the follo wing holds:

@

@ W

h

( s )

m

( o

t

) = [1

.

.

. �

( s ) T

m

]

�

@

@ W

W

T

C

( s ) � 1

m

W

�

� [1

.

.

. �

( s ) T

m

] C

( s ) � 1

m

@

@ W

W
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o

t

(A.23)

Equating

@ Q

@ W

to zero and replacing the di�eren tiation, w e get

@ Q

@ W

= 0 =

X

s

X

m

X

t
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( t ) C

( s ) � 1

m
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m
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. �
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] (A.24)

and hence w e state

X
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(A.25)

no w

Z =

X

s

X

m

X

t




( s )

m

( t ) C

( s ) � 1

m

o

t

[1

.

.

. �

( s ) T
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] (A.26)

Y =

X

s

X

m

X
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m
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m
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(A.27)

Z = Y (A.28)

and let also o

t

[ i ] b e the i th feature of o

t

, and similarly for �

( s )

m

and �

( s )

m

[ i ],

C

( s ) � 1

m

[ i ] b e the i diagonal comp onen t of C

( s ) � 1

m

, w e ha v e eac h comp onen t
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z

ij

; i = 1 :::N ; j = 1 :::N + 1 of the left-hand side matrix of the equation

to b e

z

ij

=

�

P

s

P

m

P

t




( s )

m

( t ) C

( s ) � 1

m

[ i ] o

t

[ i ] ; if j = 1

P

s

P

m

P

t




( s )

m

( t ) C

( s ) � 1

m

[ i ] o

t

[ i ] �

( s )

m

[ j � 1] ; else

(A.29)

This is useful for understanding the algorithm.

As for the righ t-hand side of the equation, w e de�ne

V

( s )

m

=

X

t




( s )

m

( t ) C

( s ) � 1

m

(A.30)

D
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(A.31)

Replacing the previous de�nitions in to Y , w e ha v e

Y =

X

s

X

m

V

( s )

m

W D

( s )

m

(A.32)

Since it app ears that if w e again assume C

( s ) � 1

m

to b e diagonal V

( s )

m

inherits

from the same prop ert y , w e can solv e the equation ro w b y ro w. Subsequen tly ,

w e de�ne w

i

; i = 1 ::N the i th ro w of W , and v

i

=

P

t




( s )

m

( t ) C

( s ) � 1

m

[ i ] w e

decomp ose the equation in to N equations of order ( N + 1) eac h, in other w ords

Z =

X

s

X

m
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(A.33)

Eac h of these sub equations is describ ed b y G

( i )

, of elemen ts g

j q

; j =

1 :::N + 1 ; q = 1 :::N + 1

G

( i )

�

=

g

( i )

j q

=

X

m

v

i

d

j q

(A.34)

and b ecause the matrix is symmetric, w e can �nally state

z

i

= G

( i )

w

T

i

(A.35)

whic h means as previously underlined, N matrix in v ersions to p erform p er eac h

regression class.
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A.4 Di�eren tiation of h ( o

t

; s ) for eigen v oices

In this section, w e sho w ho w to di�eren tiate h ( � ) with resp ect to the eigen v alues.

First of all, let us sho w that

@

@ w

e

^�

( s )

m
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W e ha v e
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(A.38)

distributing the di�eren tiation op erator, w e get
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(A.39)

using eq. (A.36), and basic prop erties of di�eren tiation,
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(A.40)

and since scalars are equal to their transp ose:
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further application of rule eq. (A.36) yields,

= 2[ � o
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( s ) T

m
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( j )] (A.42)

W e do not require the co v ariance matrix to b e diagonal.

A.4.1 Linear dep endence

W e can relax the assumption that the eigen v alues are orthogonal

@

@ w

e

w

j

� 0 ; j 6= e (A.43)

Eigen v alues can b e dep enden t of eac h other

w

j

= f ( f w

k

g ; k 6= j ) (A.44)
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There is nothing in PCA that disallo ws this.

W e can assume the dep endence is linearly separable,

f ( f w

k

g ; k 6= j ) =

X

k 6= j

f

k

( w

k

) (A.45)

in whic h case w e just replace eq. A.36 b y
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1 +
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e
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e
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@ w

e
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(A.48)

and if f

e

( w

e

) is linear then there is no additional complexit y .

A.4.2 Scaling and translation of eigen v ectors

T o a v oid n umerical instabilit y when applying PCA, w e �rst �nd the eigenspace

mo delling the residual error

� ! �

0

+ �; �

0

= E �

then w e scale eac h comp onen t b y its standard deviation

� ! � �

De�ning D to b e the diagonal matrix of the standard deviations for eac h

mixture mean, and P to b e the matrix of eigen v ectors, w e up date with

^�

( s )

m

= D P [ w (1) ::: w ( E )] + �

0

=

X

e

[( D �� ( e )) w ( e )] + �

0

(A.49)

and therefore all equations are the same except that w e �rst scale the eigen v ec-

tors b y the standard deviation and then at up date time translate b y �

0

.

A.5 MAP Reestimation form ulae

In this section, w e brie
y review the k ey p oin ts of the deriv ation of the MAP

means up date form ulae.

Giv en that w e need to solv e

@ Q

@ �

+

@ log P

0

( � )

@ �

= 0 (A.50)

The general solution is hard. Therefore, w e will restrain P

0

( � ) to b elong to

the family of conjugate priors of O . A c onjugate prior for a random v ariable O

is a p df for whic h
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� there is su�cien t statistics of �xed dimension. Ob viously , this is required

as w e do not w an t to ha v e to apply EM again.

� the p osterior distribution f ( � j O ) and P

0

( � ) b elong to the same distribu-

tion family , viz

f ( � j O ) _ P

0

( � ) (A.51)

In our case, w e w an t

log f ( � j O ) = Q ( �;

^

� ) � H ( �;

^

� ) + log P

0

( � ) _ P

0

( � ) (A.52)

It has b een v eri�ed that the conjugate prior for observ ation of HMMs (giv en

the completed data) is the pro duct of Diric hlet with normal-Wishart densities.

W e assume parameters of HMMs are indep enden t:
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with p
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( � ) the Diric hlet densities of h yp erparameters 	
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and p

m

( � ) the said normal-Wishart densit y with h yp erparameters �
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W e simplify for the means-only case:
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(A.56)

It is w ell-kno wn that the conjugate prior of a gaussian mean with �xed co v ari-

ance is also a gaussian. Replacing the prior densit y in to our auxiliary function

and solving for the mean �

( s )

m

yields

�

( s )

m

=
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( s )
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(A.57)



App endix B

Algorithms

B.1 MLLR: Slo w algorithm

foreach observation O {

Z[i,j] = 0; i = 1..n, j = 1..n+1

G(k)[i,j] = 0; i = 1..n, j = 1..n+1, k = 1..n+1

foreach model m

iterate over time t {

S = 0; /* sum of alpha-beta */

foreach state s in model

S += alpha(s) . beta(s);

foreach state s in model

for each mixture m

gamma = alpha(s) . beta(s) / S . weight(s,m) .

normal(o, mu[m], var[m]) / P(O|s);

foreach dimension i

foreach dimension j

Z[i][j] += gamma . o[i] . inverseVar(s,m)[i ] . xi[j]

foreach dimension k

foreach dimension i

foreach dimension j

G(k)[i,j] += gamma . inverseVar(s,m)[k ] . xi[i] . x[j];

}

if baseclass is letter {

store Z, G for that model

Z[i,j] = 0; i = 1..n, j = 1..n+1

}

else /* one matrix for all mixtures */

{}

}

75
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B.2 MLLR: F ast algorithm

(F rom ComputeMix.c ):

Build the data structures: the dictionary , the up date structure (ak a accumlators), etc.

F oreac h observ ation O ,

Mo di�ed forw ard-bac kw ard algorithm: (in libs/b wtrain.c, ComputeMLLRAccum ulator) :

Build the treillis structure (BuildBWT rlS)

Compute the distribution v alues for O (the b

( s )

m

( o

t

)) (SmartCompDistrT rl)

Compute the bac kw ard probabilities beta , using Backwar dT rl

Use the mo di�ed forw ard algorithm ( F orwar dGlob alMLLR ):

F oreac h o

t

in O , mak e the forw ard step GlobalMLLRF orw ardStep :

F oreac h state TrlFrom in trellis column

F oreac h state in curren t mo del

complete the forw ard step and compute

P

��

F oreac h state in curren t mo del

State lik eliho o d = dlike ( �

P

c

m

b

m

( o

t

)) initialized to 0.

F oreac h distribution in output probabilit y:

dlike = dlike + c

m

b

m

( o

t

) but in log domain

F oreac h mixture m in the output probabilit y:

Compute 
 = �� = (

P

�� ) c

m

b

m

= (

P

c

m

b

m

)

Compute A

m

[0]+ = 
 (since A

m

[0] is b ound to b e

P

T

t




m

( t ))

Compute A

m

[1 : : : n ]+ = 
 o

t

[0 � � � n � 1]

Up date the means using libs/bwtr ain.c: Glob alMLLR Up dMe ans :

allo cate zero-initialized space for the n � ( n + 1) � ( n + 2) matrices ([ G

( i )

.

.

. z

T

i

] ; i = 1 :::n )

(in the remainder, y ou can assert that GZ t is accessed with i , j , r indices, as in GZ t [ i ][ j ][ r ].

allo cGZt : allo cate con tiguous memory space (faster)

F oreac h mo del � in the dictionary (not in the trellis!),

F oreac h state s = 1 :::S

�

in the mo del,

F oreac h gaussian mixture comp onen t m = 1 :::M

s

,

�ll in Z part of the GZt sup ermatrix:

F oreac h dimension i = 0 :::n � 1 as in G

( i )

(denoting the ro w if W ),

GZ t [ i ][0][ n + 1]+ = A

m

[ i + 1] � �

m

( i ) ( �

m

( i ) is the i th diagonal comp onen t of the co vmatrix

F oreac h dimension j = 0 :::n � 1 in z

T

i

,

Ha v e GZ t [ i ][ j + 1][ n + 1]+ = z

T

i

( j ) = �

m

( i ) A

m

[ i + 1] �

m

( j )

�ll in G part of the GZt sup ermatrix:

F oreac h dimension i = 0 :::n � 1 as in G

( i )

(denoting the ro w if W ),

GZ t [ i ][0][0]+ = �

m

( i ) A

m

(0)

F oreac h dimension r = 0 :::n � 1 (set the �rst ro w, iterate of the columns of that ro w)

GZ t [ i ][0][ r + 1]+ = �

m

( i ) A

m

(0) �

m

( r )

F oreac h dimension j = 0 :::n � 1 (no w iterating on the ro ws of G )

GZ t [ i ][ j + 1][0]+ = �

m

( i ) A

m

(0) �

j

(set the �rst column)

F oreac h dimension r = 0 :::n � 1 (no w iterating on the columns of G )

GZ t [ i ][ j + 1][ r + 1]+ = �

m

( i ) A

m

(0) �

j

�

r

Allo cate (con tiguous) space for n � ( n + 1)-matrix W allo cMatrix .

F oreac h dimension i = 1 :::n � 1 (ro w if W ),
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solv e the system de�ned b y GZ t [ i ] = [ G

( i )

.

.

. z

T

i

] (( n + 1) � ( n + 2) in to the ro w W [ i ].

prin t the solution in a matlab format so w e can cop y-paste to c hec k the results

F oreac h mo del � in the dictionary (not in the trellis!),

F oreac h state s = 1 :::S

�

in the mo del,

F oreac h gaussian mixture comp onen t m = 1 :::M

c

,

F oreac h dimension t = 1 :::n of the mean, compute X [ t ] = W [1

.

.

. �

T

m

]

T

,

X [ t ] = W [ t ][0] (whic h is the bias term)

F oreac h dimension r = 1 :::n (column-1 of W ),

X [ t ]+ = �

m

( r ) W [ t ][ r + 1]

F oreac h dimension t = 1 :::n of the mean, (w e are up dating the mean)

^�

m

( t ) = "�

m

( t ) + (1 � " ) X [ t ], here " = 0

F ree W and GZ t (sup er)matrices.

Ov erwrite dictionary

F ree Structures and Close �le

Beam when either of

P

�� , 
 or N ( o

t

; �

m

; �

m

) is to o small.

B.3 Curren t STL algorithm

In this algorithm, w e adapt instan taneously . W e use Viterbi state o ccupation

probabilities. W e only k eep trac k of zero-th order accum ulator. W e de�ne the

instantane ous zero-th accum ulator to b e

A

( s )

m

( U ) =

U

X

t =1




( s )

m

( t ) = n um b er of frames seen for that gaussian up to time U

(B.1)

with U the curren t frame b eing pro cessed. With � our heuristic parameter,

0 � � � 1, de�ne

�

0

= 1 + ( � � 1) exp( �

n

A

( s )

m

o

5 = 8

) (B.2)

�

m

= (1 � �

0

) (B.3)

W e up date the means using

^�

( s )

m

= �

0

�

( s )

m

+ �

m

o

U

(B.4)

The algorithm can th us b e describ ed as

1. P erform forced alignmen t (or recognition for unsup ervised adaptation)

2. F or the giv en observ ation, iterate o v er time and up date the means using

eq. (B.4)
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B.4 Cost

In this section, w e consider the cost of the herein b efore presen ted algorithms (see B.1, B.2

and B.3). W e consider cost in the computational and memory domain.

Let us in tro duce the notation:

T the a v erage n um b er of feature v ectors in an observ ation, ab out 40 to 70 for eac h letter

Q the n um b er of observ ations, here 26

K the n um b er of non-distinct HMMs observ ed in eac h observ ation, here 3 (sil Letter sil)

H the n um b er of HMMs in the mo del, here 27

S the n um b er of states in eac h HMM, here 8

M the n um b er of mixtures in eac h state, here 6

n the dimension of the observ ation v ector, here 18

O ( � ) order of the cost function

So, for the sak e of simplicit y w e assume that

� all observ ation b ear the same length

� all HMMs ha v e the same n um b er of states

� all states ha v e the same n um b er of mixtures

B.4.1 MLLR

F or the fast algorithm, w e consider four non trivial phases (see section 4.3):

1. compute the accum ulators in the forw ard-bac kw ard algorithm:

� memory use p er mixture is ( n + 1) � sizeof(Real) , and sizeof(Real) is

t w o mac hine-w ords. Thence, w e ha v e O ( H � S � M � ( n + 1) � 2).

� computational cost: O ( Q � T � K � S � M � ( n + 1)).

2. gather the results (could b e divided b y t w o b ecause matrices are symmet-

ric):

� memory use for n times [ G

( i )

.

.

. z

T

i

] matrices is O ( n � ( n + 1) � ( n + 2))

� computational cost: O ( H � S � M � n � ( n + 1) � ( n + 2))

3. �nd W ro w b y ro w:

� memory use: O ( n � ( n + 1))

� computational cost: for eac h ro w, w e use O (( n + 1)

3

) matrices in v er-

sion, so w e ha v e O ( n

4

)

4. up date the means using equation 4.1

� memory use: O ( n )

� computational cost: O ( H � S � M � n � ( n + 1))
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Th us, for the computation, the algorithm needs

O ( H � S � M � n ) + O ( H � S � M � n � n

2

) + O ( n

4

) + O ( H � S � M � n

2

) � O ( n

4

)

(B.5)

Numerically , the matrix in v ersions are the dominan t term.

F or the memory use, w e ha v e

O ( H � S � M � n ) + O ( n

3

) + O ( n

2

) + O ( n ) � O ( H � S � M � n ) (B.6)

Numerically , the storage space needed for the accum ulators (around 100 kB) is

dominan t.

B.4.2 MLED

F or eigen v oices metho ds, let us de�ne E as the dimension of the eigen v oice

space. As with other EM-based algorithms, w e pro ceed in three phases, namely

1. Compute the accum ulators

2. Gather the resullts

3. Up date the mo del means

The computational cost and memory use for the �rst step is

� computations: O [ Q � T � K � M ( n + 1)]

� memory: O [ H � S � M � ( n + 1)]

Gathering the results and computing the eigen v alues is (without precompu-

tation)

� computations: O [ E

2

� H � S � M � Q � n

2

] to compute the matrix, and

O [ E � H � S � M � Q � n

2

] for the v ector. In v erting the matrix tak es

O [ E

3

].

� memory: storage space for eigen v alues, matrices to in v ert, and solution

v ector ( w ; V ; Q ): O [ E + E � E � E ] = O ( E

3

). Storage space for the

eigen v oices (v ectors): O [ H � S � M � n � E ]

T o up date the mo del means, w e k eep the eigen v oices and eigen v alues from

the previous step. Therefore, there is no additional memory allo cation here.

W e just m ultiply the eigen v alues and add up the results, and the corresp onding

computational cost is giv en b y

O [ E � H � S � M � n ]

Applying MAP adds an insigni�can t n um b er of computations, O [ H � S �

M � n ].
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Accum ulators

The computational cost and memory use for the �rst step is

� computations: O [ Q � T � K � M � ( n + 1)]

� storage: O [ H � S � M � ( n + 1)]

Gathering the results

Gathering the results and computing the eigen v alues is (without the precompu-

tation optimization)

� computations: O [ E

2

� H � S � M � Q � n

2

]

� storage: O [ E

2

� H � S � M � Q � n

2

]

Up dating the means

W e k eep the eigen v oices from the previous step, so there is no additional memory

allo cation here. W e just m ultiply these eigen v alues and add up the results, and

the corresp onding computational cost is giv en b y

O [ E � H � S � M � n ]

Applying MAP thereafter adds an insigni�can t n um b er of computations

O [ H � S � M � n ]
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