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Oppgavens tekst:

Automatic recognition of sp eec h has come a long w a y from the �rst serious attempts at

mac hine recognition of a few isolated w ords in the 1950's. T o da y , commercial recognizers

capable of recognizing sev eral tens of thousands w ords sp ok en as isolated utterances are

a v ailable on a PC platform and the �rst sp eak er indep enden t recognizers are b eing

deplo y ed in the telephone net w orks.

The main emphasis of curren t researc h in automatic sp eec h recognition is on sp eak er

indep enden t recognition of large v o cabulary con tin uous sp eec h. A n um b er of issues are

vital to the success of the presen t c hallenge. F or instance, the feature extraction m ust b e

robust to sp eak er v ariations, y et sensitiv e to c hanges in phonetic con ten t. Also, detailed

mo deling of the natural acoustic phonetic v ariations is essen tial to the accuracy in

recognition.

Most successful systems are based on Hidden Mark o v mo dels. This p o w erful probabilistic

mo del has pro v ed to b e e�cien t as w ell as v ersatile and has the nice capabilit y that the

sp eec h pro cess can b e mo deled at sev eral lev els using the same t yp e of building blo c ks.

This simpli�es the incorp oration of grammar in the sp eec h recognizers.

The Viterbi algorithm has b een widely used when recognizing con tin uous sp eec h. The

algorithm is e�cien t but has the dra wbac k that only the b est path (i.e. w ord string) is

found. This giv es rise to sub-optimal p erformance in cases when e.g. a single w ord is

erroneously recognized, but where a simple seman tic or syn tactic analysis could correct

the misrecognized w ord.

Recen tly , metho ds for e�cien tly �nding the N b est paths ha v e b een prop osed. In

addition to simplifying the incorp oration of syn tactic and seman tic information in a

sp eec h recognizer, these metho ds also giv e rise to other in teresting p ossibiliti es.

In an HMM-based sp eec h recognizer, all parameters sp ecifying the recognizer are found

through careful optimization of an ob ject function. There is only one exception. The
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lexicon used in a sub-w ord based recognizer for building w ord and sen tence mo dels from

the basic recognition units are normally generated b y the use of a pronouncing

dictionary or b y an exp erienced phonetician. It has b een suggested [1] that a mo di�ed

N -b est algorithm can b e used to generated a lexicon that is optimal with resp ect to the

lik eliho o d of the training data.

The thesis should consist of the follo wing comp onen ts:

1) Study sev eral prop osed N -b est algorithms with resp ect to optimalit y and e�ciency of

implemen tation. Sim ulate one of the metho ds in the con text of a con tin uous sp eec h

recognizer.

2) Mo dify the selected N -b est algorithm to pro vide a basis for automatically generating

optimal lexical en tries for a sub-w ord based con tin uous sp eec h recognizer. Study the

generated lexicon with resp ect to p erformance and to their relation to standard

baseforms as pro vided b y pronouncing dictionary .

Sup ervisor: Asso ciate professor T orb j�rn Sv endsen, NTH
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Chapter 1

In tro duction

The researc h on automatic recognition of h uman sp eec h b y mac hines started more than

four decades ago. Systems capable of recognising up to sev eral thousand w ords sp ok en as

isolated utterances are already commercially a v ailable. The sp eak er indep enden t recog-

nition of con tin uous sp eec h is m uc h more complex and represen ts a main �eld of to da ys

researc h in sp eec h recognition [1 ]. Most of the successful systems are based on Hidden

Mark o v Mo dels (HMMs). These statistical mo dels ha v e sho wn to b e p o w erful and v ersa-

tile and allo w to mo del the sp eec h pro cess on di�eren t lev els using the same concept [3].

Th us, also language mo dels lik e a grammar can b e easily included in the recogniser.

When dev eloping a sp eec h recognition system, it is normally not su�cien t to pro vide only

mo dels of the w ords that are to b e recognised. T o obtain reasonable p erformance, it is

common to include additional kno wledge sources in the recognition pro cess. These can b e

mo dels of the natural language or also kno wledge ab out the task the recognition system

will b e used for. If all kno wledge sources are sim ultaneously included, the searc h for the

most lik ely w ord string (h yp othesis) for a sp ok en utterance migh t b ecome v ery complex.

Recen tly , tec hniques that allo w to apply the di�eren t kno wledge sources sequen tially and

th us reduce computation ha v e b een prop osed [7 ]. These tec hniques are based on the N -

b est searc h paradigm. The Viterbi algorithm, whic h is normally used in HMM based

recognition systems, is only able to �nd the b est h yp othesis. No w, an N -b est algorithm

generating the list of the N most lik ely h yp otheses is required. These N -b est h yp otheses

then can b e rescored according to additional kno wledge sources. In this w a y , also complex

kno wledge sources can easily b e included in the recognition pro cess.

Sev eral di�eren t N -b est algorithms for generating the list of the b est N h yp otheses ha v e

b een prop osed recen tly [7, 8 , 9]. Some of these algorithms generate an exact list of the N

most lik ely h yp otheses while others use di�eren t appro ximations to reduce computation.

Besides for the N -b est searc h paradigm, N -b est algorithms can also b e used for other new

applications.

The parameters sp ecifying an HMM based recogniser are found in training pro cedures

that optimise these parameters in order to maximise an ob ject function (e.g. lik eliho o d

of a training utterance). An imp ortan t exception is the lexicon that is required in a sub-

w ord based recogniser to build w ord mo dels from the mo dels of basic recognition units.

This lexicon con tains transcriptions in terms of basic recognition units for eac h w ord in

the v o cabulary and is normally generated b y using a pron unciation dictionary or b y an

exp erienced phonetician. Di�eren t tec hniques for the automatic generation of en tries in

1



In tro duction 2

suc h a lexicon ha v e b een prop osed [15 , 16 , 17 , 18 , 19 ]. They require training utterances

of the w ord and can also tak e in to accoun t the w ord's sp elling. A mo di�ed v ersion of one

of the prop osed N -b est algorithms can b e used to �nd the lexicon en tries (transcriptions)

that are optimal with resp ect to their lik eliho o d for the training utterances [15 ].

The w ork done in this thesis can b e divided in to t w o main parts:

In the �rst part, di�eren t N -b est algorithms w ere studied. They will b e describ ed and

compared in this rep ort. The tree-trellis algorithm, an exact and e�cien t N -b est algo-

rithm, w as implemen ted as a part of this thesis w ork. This implemen tation is based on

an existing con tin uous sp eec h recogniser whic h is part of the HMM T o olkit (HTK). HTK

is a collection of programs that allo ws to build and test HMM based recognisers in an

e�cien t and 
exible w a y [4 ]. The implemen tation, whic h required sev eral adaptations of

the original tree-trellis algorithm, and the optimisations that w ere done in order to ob-

tain maxim um p erformance, will b e describ ed. This new N -b est recogniser w as tested

on the 1000 w ord D ARP A resource managemen t task using di�eren t HMMs and di�er-

en t grammars. The test results and the computation and memory requiremen ts will b e

rep orted.

In the second part, the automatic generation of lexica for a phoneme based recogniser w as

studied. The implemen tation of the tree-trellis algorithm w as mo di�ed and extended to

p erform a searc h for the most lik ely h yp otheses giv en a set of utterances of the same w ord.

The mo di�cations and the optimisation of this program will b e describ ed. The searc h for

a new lexicon en try w as in sev eral cases to o complex for the a v ailable hardw are, although

memory requiremen ts w ere minimised. Therefore, di�eren t appro ximativ e tec hniques to

�nd a new lexicon en try using a searc h with reduced complexit y w ere dev elop ed and

examined. Finally , sev eral lexica w ere generated using these di�eren t tec hniques. The

p erformance of these lexica and their e�ect on the results of recognition tests will b e

presen ted.

This thesis rep ort is organised as follo ws: In Chapter 2, a short o v erview of the fundamen-

tals of sp eec h recognition is giv en. The concept of Hidden Mark o v Mo dels is review ed and

the HMM T o olkit (HTK) is describ ed. In Chapter 3, di�eren t N -b est algorithms are pre-

sen ted and their features are compared. An implemen tation of the tree-trellis algorithm

based on HTK's Viterbi recogniser is describ ed and the results of recognition tests are

rep orted. In Chapter 4, concepts for automatic lexicon generation are presen ted and the

implemen tation of a mo di�ed tree-trellis algorithm for m ultiple utterances is describ ed.

Details and problems of the lexicon generation pro cess are discussed and �nally , the p er-

formance of di�eren t automatically generated lexica is examined. In Chapter 5, this rep ort

is summarised and conclusions are dra wn. App endix A con tains the user man uals for the

di�eren t programs that w ere written as a part of this thesis w ork.



Chapter 2

Sp eec h Recognition

In the b eginning of this c hapter, a short o v erview of the fundamen tals of sp eec h recognition

is giv en. Then the concept of Hidden Markov Mo dels (HMM) is review ed. HMMs allo w

p o w erful and 
exible mo deling of h uman sp eec h and represen t the basis for the sp eec h

recognition metho ds used in this thesis. Finally the Hidden Markov Mo del T o olkit (HTK)

is describ ed. The HTK is a collection of C programs that allo ws the quic k and e�cien t

design of an HMM based sp eec h recogniser.

2.1 F undamen tals of Sp eec h Recognition

First systems for the automatic recognition of sp ok en sp eec h b y mac hines w ere dev elop ed

more the four decades ago. Since then automatic sp eec h recognition has b ecome a big

�eld in researc h. But the desired goal of a mac hine that can understand sp ok en discourse

on an y sub ject b y all sp eak ers in all en vironmen ts is still far from b eing ac hiev ed. A

go o d description of the \state of the art" in sp eec h recognition is giv en b y [1 ]. Some

fundamen tals of sp eec h recognition will b e summarised no w.

2.1.1 The Sp eec h Signal

Sp ok en sp eec h is a means of comm unication b et w een h uman b eings. The sp eec h pro-

duction / sp eec h p erception pro cess whic h enables a listener to understand the message

sp ok en b y a talk er is illustrated in Figure 2.1.

When sp eaking an utterance, a sequence of di�eren t sounds is generated in the sp eak er's

v o cal tract [1 , 2]. First, the stream of air from the lungs is con v erted in to an excitation for

the system of ca vities that mak e up the v o cal tract. This excitation can b e quasi-p erio dic

(vibrating v o cal cords), noise-lik e (turbulen t 
o w trough a constriction) or transien t (op en-

ing a total closure in the v o cal tract). The resonating ca vities in the v o cal tract act as a

�lter and mo dify the sp ectral shap e of the excitation. By mo ving tongue, lips etc., the size

and shap e of these ca vities can b e c hanged and di�eren t sounds can b e articulated. In the

English language, there are ab out 40 to 50 linguistically distinct sp eec h sounds, so-called

phonemes . The set of phonemes used later in this thesis is sho wn in T able 2.1. Most

sp eec h sounds can b e c haracterised b y certain sp ectral prop erties. V o wles for example

can b e c haracterised b y the frequencies of their 2, 3 or 4 biggest resonances, their format

3



Sp eec h Recognition 2.1 F undamen tals of Sp eec h Recognition 4

Speech Generation

vocal tract system

neuro-muscular actions

language translation

message formulation

TALKER LISTENER

message understanding

language translation

neural transduction

basilar membrane motion

Speech Signal Speech Recognition

acoustic waveform

Figure 2.1: Sc hematic diagram of the sp eec h pro duction / sp eec h p erception pro cess (after [1]).

fr e quencies .

The sp eec h signal generated in this w a y is a slo wly time v arying signal. This means

that, when examined o v er a su�cien t short p erio d of time (b et w een 5 and 100 msec), its

c haracteristics are fairly stationary . Ov er longer p erio ds of time (on the order of 200 ms

and more) the signal c haracteristics c hange, re
ecting the di�eren t sp eec h sounds b eing

sp ok en. In normal sp eec h, on the order of 10 phonemes p er second are articulated in

a v erage.

2.1.2 Sp eec h Recognition Systems

The task of sp eec h recognition can b e de�ned in man y di�eren t w a ys. Recognition can

b e p erformed either on isolated w ords or utterances or on con tin uous sp eec h. It is also

distinguished b et w een sp eak er dep enden t and sp eak er indep enden t systems. Sp eak er in-

dep enden t recognition of con tin uous sp eec h represen ts the most di�cult and in teresting

form of sp eec h recognition. T o b e able to build reasonable p erforming sp eec h recognition

system, it is often necessary to include some kno wledge ab out the task for whic h the sys-

tem will b e used. In a �rst step, this is t ypically done b e de�ning a limited set of w ords

and a syn tax describing p ossible w ord sequences. In more complex systems, also seman tics

and other kno wledge is included.

A general mo del of a sp eec h recognition system is sho wn in Figure 2.2. The mo del b egins

with a user creating a sp eec h signal (sp eaking) to accomplish a giv en task. The sp eec h

signal is recognised b y deco ding it in to a series of w ords according to the syn tax of the

task and other higher lev el kno wledge. The meaning of these w ords is obtained b y a higher

lev el pro cessor that uses a dynamic kno wledge represen tation to tak e in to accoun t also the

con text of what it has previously recognised. Finally , the recognition system resp onds to

the user for example in form of a v oice output or a requested task b eing p erformed. If

necessary , the user can react up on the system's output and th us con tin ue in a dialogue-lik e

manner.

In sp eec h recognition it is generally assumed that sp eec h is a realisation of some message

enco ded in a sp eec h signal. The task of a sp eec h recogniser can b e de�ned as the task of
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Figure 2.2: General blo c k diagram of a task-orien ted sp eec h recognition system (after [1]).

�nding an estimate

^

W of the sp ok en message W giv en the observ ed sp eec h signal O . This

can b e written as

^

W = arg max

W

P [ W j O ] ; (2.1)

where

P [ W j O ] =

P [ O ; W ]

P [ O ]

=

P [ O j W ] P [ W ]

P [ O ]

: (2.2)

Since P [ O ] is not a function of W , the maximisation in Equation 2.1 can b e written as

^

W = arg max

W

P [ O j W ] P [ W ] : (2.3)

Assuming that the a priori message probabilities P [ W ] are kno wn, the most lik ely sp ok en

message

^

W dep ends only on the lik eliho o d P [ O j W ]. In the follo wing, di�eren t metho ds

for calculating P [ O j W ] will b e review ed.

2.1.3 Mo deling and Recognition of the Sp eec h Signal

T o b e able to calculate the lik eliho o d P [ O j W ] in Equation 2.3, it is necessary to ha v e

mo dels of the di�eren t sp eec h signals observ ed when di�eren t messages are sp ok en. T o

simplify the pro cess of creating go o d mo dels in sp eec h recognition systems with a high

n um b er of p ossible messages, a message is often divided up in to smaller recognition units

that can o ccur in sev eral di�eren t messages. A sen tence for example can b e divided up

in to a sequence of w ords, a w ord in to a sequence of phonemes, etc..

Before a sp eec h signal actually is mo delled, the features that are c haracteristic for the

sp eec h signal are extracted from its w a v eform. Then, mo dels for all the di�eren t recogni-

tion units (messages, w ords, phonemes, etc.) used b y the recognition system are created.

A mo del of a recognition unit should describ e the features or the sequence of features that

is t ypical for the sp eec h signal represen ting that recognition unit.

The whole sp eec h recognition pro cess is illustrated in Figure 2.3. Generalising it is assumed

that the message is a sequence of sym b ols where eac h sym b ol represen ts a recognition unit.

The Figure sho ws also that it is necessary to �nd the b oundaries b et w een the di�eren t

recognition units if a message is not mo delled as a whole.

2.1.3.1 P arameterising the Sp eec h Signal

T o p erform sp eec h recognition, it is necessary to extract features from the sp eec h signal

that allo w to distinguish clearly b et w een the di�eren t sp eec h sounds. On the other hand,
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Figure 2.3: The sp eec h recognition pro cess (after [4]).

these features should v ary as little as p ossible if the same sound is sp ok en b y di�eren t

sp eak ers and under di�eren t circumstances. The extracted features are normally pre-

sen ted in form of a parameter v ector. Since sp eec h is a slo wly time v arying signal and its

c haracteristic prop erties can c hange signi�can tly a small fraction of a second, the features

should b e extracted p erio dicall y . Therefore it is common to calculate a new parameter

v ector t ypically ev ery 5 to 25ms. The segmen ts (frames) of the sp eec h signal that are used

to calculate adjacen t parameter v ectors normally o v erlap.

Most feature extraction metho ds are based on the (short-time) sp ectrum of the sp eec h sig-

nal in the frame b eing parameterised. T ypical parametric represen tations are smo othed

sp ectra or linear prediction co e�cien ts plus v arious other represen tations deriv ed from

these. The tec hniques for mo deling sp eec h signals used in this thesis are nearly indep en-

den t from the w a y in whic h the actual parameter v ector is obtained. Hence, only a short

o v erview of the parameterisation used in this thesis is giv en here:

The sp eec h w a v eform is �rst preemphasised and then divided in to a sequence of o v erlapping

frames. Eac h frame is 25 ms long and the frame cen ters are 10 ms apart. A Hamming

windo w is applied and the FFT is calculated. Then a mel-scale triangular �lterbank with

24 �lters is applied to the magnitude sp ectrum. The mel-scale is a critical band frequency

scale that tak es in to accoun t the frequency p erception in the h uman auditory system.

A DCT is applied to the log mel-scale �lter outputs and th us 12 mel-fr e quency c epstr al

c o e�cients (MF CC) are obtained. Then cepstral liftering is p erformed. The log energy

of the frame is app ended as a 13th elemen t to the MF CC v ector. Finally , the delta and

acceleration co e�cien ts (i.e. �rst and second order regression co e�cien ts) are app ended

to the parameter v ector. Th us, a 39 elemen t parameter v ector is calculated for eac h 10ms

sp eec h frame.
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2.1.3.2 Mo deling the Sp eec h Signal

The simplest w a y of mo deling a recognition unit is to tak e the sequence of parameter

v ectors that w ere calculated from a single utterance of that recognition unit as a reference

pattern. T o obtain a more reliable reference pattern, it is common to tak e sev eral utter-

ances of the same recognition unit in to accoun t. Then either the most t ypical sequence

of parameters v ectors or a sequence found b y a v eraging the parameter v ectors for sev eral

utterances can b e used as a reference pattern.

In this thesis, probabilistic mo dels, so-called Hidden Mark o v Mo dels (HMM), are used to

represen t the di�eren t recognition units. An HMM is sp eci�ed b y a set of parameters that

describ e the t ypical features of the sp eec h signal, their v ariation and ho w these c hange

during the duration of the recognition unit. T o estimate the parameter set of an HMM,

its necessarry to ha v e sev eral utterances of the recognition unit to b e mo delled. A more

detailed summary of the theory of HMMs is giv en in Section 2.2.

There are also other w a ys of mo deling sp eec h signals. E.g. also the concept of Neural

Net w orks has b een applied to sp eec h recognition. If the sp ok en messages that are to b e

recognised are not mo delled as a whole but w ere divided up in to sev eral recognition units,

it is also necessary to ha v e an o v erla ying mo del that describ es ho w the mo dels of the

recognition units ha v e to b e com bined to mak e up a mo del of a full message. When the

recognition units are w ords, this o v erla ying mo del can e.g. b e a grammar.

2.1.3.3 Recognising the Sp eec h Signal

When a sp ok en utterance is to b e recognised, it has to b e compared with the kno wn mo dels

of the di�eren t p ossible sp ok en messages. As a result of this comparison, the lik eliho o d

P [ O j W ] from Equation 2.3 is found for ev ery p ossible message. Instead of this lik eliho o d,

a score measuring the similarit y b et w een the sp ok en utterance and the kno wn mo dels can

b e used.

If a message (or recognition unit) is mo delled b y a reference pattern, t w o problems ha v e

to b e solv ed during the comparison. First, a distance measure is needed so that the

dissimilarit y b et w een to parameter v ectors can b e measured. The other problem is to

determine whic h parameter v ectors in the t w o sequences (reference pattern and sp ok en

utterance) ha v e to b e compared with eac h other. This problem arises since the total

duration of a recognition unit and also the relativ e duration of the di�eren t segmen ts

within a recognition unit can v ary . It is normally solv ed b y a dynamic programming

algorithm called Dynamic Time-Warping (DTW). This algorithm tries to �nd an optimal

time-alignmen t of the t w o sequences and returns a measure of the dissimilarit y b et w een

the t w o sequences. Finally , the mo del that giv es the lo w est dissimilarit y is determined.

The message mo delled b y this mo del is assumed to b e the message sp ok en.

When HMMs are used to mo del the messages, the lik eliho o d P [ O j W ] can b e calculated

for eac h HMM. It sp eci�es ho w lik ely it is that the message mo delled b y an HMM could

ha v e led to the sp ok en utterance that w as observ ed. Finally , the most lik ely mo del is

determined and th us the most lik ely message is found.

If the messages are mo delled as a sequence of recognition units, the complexit y of the

recognition pro cess increases signi�can tly . This is caused b y the fact that man y di�eren t

com binations of recognition units ha v e to b e tested and that also the b oundaries b et w een



Sp eec h Recognition 2.2 Hidden Mark o v Mo dels 8

these units ha v e to b e determined. HMMs o�er clear adv an tages at this p oin t since their

concept allo ws to mo del the sp eec h pro cess also on higher lev els, e.g. in form of a statistical

w ord grammar.

2.2 Hidden Mark o v Mo dels

The sp eec h signal can b e c haracterised as parametric random pro cess. It can b e mo delled

b y a Hidden Mark o v Mo del (HMM), a statistical mo del whic h o�ers a w ell-de�ned w a y

of estimating the pro cess parameters. A go o d review of the theory of HMMs and their

application in sp eec h recognition can b e found in [3 ]. In the follo wing, a short o v erview of

this area is giv en.

2.2.1 The Discrete Mark o v Pro cess

A discrete Mark o v pro cess is a system that at an y discrete time instance t = 1 ; 2 ; : : : is in

one of a set of N distinct states f S

1

; S

2

; : : : ; S

N

g . The actual state at time t is denoted b y

x

t

. When going from one time instance to the next, the system c hanges its state (p ossibly

bac k to the same state) according to a set of probabilities asso ciated with that state.

Here, only �rst order Mark o v pro cesses are considered, where the transition probabilities

dep end only on the preceding state and are indep enden t of time. Hence, the probabilit y

of transition from state S

i

to state S

j

is

a

ij

= P [ x

t

= S

j

j x

t � 1

= S

i

] ; 1 � i; j � N (2.4)

with

N

X

j =1

a

ij

= 1 ; 1 � i � N : (2.5)

This set of transition probabilities a

ij

can b e written as matrix A = f a

ij

g . An example of

a discrete Mark o v pro cess is illustrated in Figure 2.4.

3

2

1

4

41

24

34

44

31

21

32

23
33

12

S
S

S
S

a a

a

a

a

a

a

a

a
a

11a

Figure 2.4: Discrete Mark o v pro cess with N = 4 states and selected state transitions.

Since the output of suc h a Mark o v pro cess is the sequence of states for the consecutiv e

time instances, it could b e called a observ able Mark o v mo del. T o a v oid handling the initial

state distribution as a sp ecial case, it is simply assumed here that the mo del initially (at
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t = 0) is in state x

0

= S

1

. If necessary , S

1

can b e used as a sp ecial en try state to mo del

the initial state distribution. The probabilit y of the state sequence X = f x

1

; x

2

; : : : ; x

T

g

can no w b e calculated as

P [ X j � ] =

T

Y

t =1

a

x

t � 1

x

t

; (2.6)

where � denotes a Mark o v mo del with a sp eci�ed matrix A .

2.2.2 Extension to Hidden Mark o v Mo dels

In the observ able Mark o v mo dels considered so far, eac h state can b e seen as a deter-

ministically observ able ev en t. T o extend this mo del to a hidden Mark o v mo del, it is no w

assumed that the observ able ev en t is a probabilistic function of the state. This means,

that the underlying sto c hastic pro cess is not directly observ able (it is hidden) but can b e

observ ed only through another set of sto c hastic pro cesses that pro duce the sequence of

observ ations.

The probabilit y that the ev en t o is observ ed in state S

j

is

b

j

( o ) = P [ o j S

j

] : (2.7)

The ev en t observ ed at time t is denoted b y o

t

. If o can only ha v e discrete v alues, b

j

( o )

is a discrete probabilit y distribution. Otherwise, b

j

( o ) is a con tin uous probabilit y densit y .

The set of output probabilit y distributions can b e written as B = f b

j

( o ) g .

Figure 2.5 sho ws an example of an HMM together with a p ossible observ ation sequence

that could b e generated b y this mo del. This HMM is a sp ecial left-right mo del that has

no state transitions to earlier states. It also has non-emitting en try and exit states | a

concept that is used b y HTK to simplify the construction of bigger comp osite mo dels.

1

1 2 3 4 5 6 7 8 9

S S
a12 a23 a34 a45 a

2S

33

3S

a 44

4S

a

S

a

5 6

55

56

a

22a

a

2 1
3

9
5

5

24 35

Markov
Model

Observation
Sequence

o o o o o o o o o

b  (o  )
b  (o  ) b  (o  )

Figure 2.5: Hidden Mark o v mo del and a p ossible observ ation sequence.

T o sp ecify an HMM, the n um b er of states N and the t w o probabilit y measures A and B

m ust b e sp eci�ed. F or con v enience, the compact notation � = ( A; B ) can b e used.
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2.2.3 The Three Basic Problems for HMMs

F or HMMs of the form de�ned here, there are three basic problems that m ust b e solv ed for

the mo del to b e useful in real-w orld applications lik e sp eec h recognition. These problems

are:

� Problem 1: Giv en the observ ation sequence O = f o

1

; o

2

; : : : ; o

T

g and the mo del

� = ( A; B ), ho w can P [ O j � ], the probabilit y of the observ ation sequence, giv en the

mo del, b e calculated e�cien tly?

� Problem 2: Giv en the observ ation sequence O = f o

1

; o

2

; : : : ; o

T

g and the mo del

� = ( A; B ), ho w can a corresp onding state sequence X = f x

1

; x

2

; : : : ; x

T

g b e found

that is optimal in a meaningful sense (i.e., explains the observ ations b est)?

� Problem 3: Giv en the observ ation sequence O = f o

1

; o

2

; : : : ; o

T

g , ho w can the

mo del parameters A and B b e adjusted so that P [ O j � ] is maximised?

In the follo wing, p ossible solutions to these three problems are summarised.

2.2.3.1 Problem 1

The most straigh tforw ard w a y of calculating P [ O j � ] is to tak e in accoun t all p ossible state

sequences X of length T individuall y . F or a giv en state sequence X = f x

1

; x

2

; : : : ; x

T

g ,

the probabilit y of the observ ation sequence O is

P [ O j X ; � ] =

T

Y

t =1

P [ o

t

j x

t

; � ] =

T

Y

t =1

b

x

t

( o

t

) : (2.8)

The probabilit y P [ X j � ] of suc h a state sequence X is giv en in Equation 2.6. The join t

probabilit y of O and X is no w the pro duct

P [ O ; X j � ] = P [ O j X ; � ] P [ X j � ] : (2.9)

The probabilit y of O giv en the mo del � is obtained b y summing this join t probabilit y o v er

all p ossible state sequences X , th us giving

P [ O j � ] =

X

X

P [ O ; X j � ] =

X

x

1

;x

2

;::: ;x

T

T

Y

t =1

a

x

t � 1

x

t

b

x

t

( o

t

) : (2.10)

The direct de�nition of P [ O j � ] in Equation 2.10 requires on the order of 2 T N

T

calculations,

whic h is computationally unfeasible. The forwar d-b ackwar d pr o c e dur e o�ers a m uc h more

e�cien t w a y to calculate P [ O j � ]. It mak es use of the forw ard v ariable

�

t

( i ) = P [ f o

1

; o

2

; : : : ; o

t

g ; x

t

= S

i

j � ] : (2.11)

Assuming a kno wn initial state x

0

and using the initialisation

�

0

( i ) =

(

1 if x

0

= S

i

0 otherwise

; 1 � i � N ; (2.12)
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�

t

( i ) can b e calculated iterativ ely as

�

t

( j ) =

 

N

X

i =1

�

t � 1

( i ) a

ij

!

b

j

( o

t

) ; 1 � j � N ; t = 1 ; 2 ; : : : ; T : (2.13)

Finally , P [ O j � ] can b e calculated as

P [ O j � ] =

N

X

i =1

�

t

( i ) : (2.14)

This forw ard pro cedure, where Equation 2.12 is computed iterativ ely for t = 1 ; 2 ; : : : ; T , is

based up on a lattice (or trellis) structure. It only requires on the order of N

2

T calculations.

The bac kw ard v ariable

�

t

( i ) = P [ f o

t +1

; o

t +2

; : : : ; o

T

gj x

t

= S

i

; � ] : (2.15)

can b e calculated in a similar manner. With the initialisation

�

T

( i ) = 1 ; 1 � i � N ; (2.16)

�

t

( i ) can b e calculated iterativ ely as

�

t

( i ) =

N

X

j =1

�

t +1

( i ) a

ij

b

j

( o

t +1

) ; 1 � i � N ; t = T � 1 ; T � 2 ; : : : ; 1 : (2.17)

No w, P [ O j � ] can b e expressed in terms of the forw ard-bac kw ard v ariables as

P [ O j � ] =

N

X

i =1

P [ O ; x

t

= S

i

j � ] =

N

X

i =1

�

t

( i ) �

t

( i ) (2.18)

whic h is v alid for all 1 � t � T .

2.2.3.2 Problem 2

The solution to problem 2 dep ends on the de�nition of the \optimal" state sequence. F or

example, one p ossible optimalit y criterion is to c ho ose the states x

t

that are individual ly

most lik ely . T o implemen t this solution, the probabilit y measure




t

( i ) = P [ x

t

= S

i

j O ; � ] =

P [ x

t

= S

i

; O j � ]

P [ O j � ]

=

�

t

( i ) �

t

( i )

P

N

i =1

�

t

( i ) �

t

( i )

(2.19)

is de�ned. Using 


t

( i ), the individually most lik ely state x

t

at time t is found as

x

t

= arg max

1 � i � N




t

( i ) ; 1 � t � T : (2.20)

Although Equation 2.20 maximises the exp ected n um b er of correct states, the resulting

state sequence X migh t not b e a v alid state sequence. This can happ en if some state

transitions ha v e zero probabilit y ( a

ij

= 0 for some i and j ).

Because of this problem, the most widely used criterion is to �nd the single b est state se-

quence (path) X = f x

1

; x

2

; : : : ; x

T

g for the giv en observ ation sequence O = f o

1

; o

2

; : : : ; o

T

g .
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This means that P [ X j O ; � ] is to b e maximised, whic h is equiv alen t to maximising P [ X ; O j � ].

The Viterbi algorithm is an e�cien t dynamic programming metho d to p erform this max-

imisation and thereb y �nding the b est state sequence.

The Viterbi algorithm mak es use of the v ariable

�

t

( i ) = max

x

1

;x

2

;::: ;x

t

P [ f x

1

; x

2

; : : : ; x

t

= S

i

g ; f o

1

; o

2

; : : : ; o

t

gj � ] (2.21)

whic h giv es the highest probabilit y (b est score) along a single path whic h accoun ts for

the �rst t observ ations o

t

and ends in state x

t

= S

i

. T o retriev e the b est state sequence

X

�

, the bac kp oin ter arra y  

t

( j ) is used. Assuming a kno wn initial state x

0

and using the

initialisation

�

0

( i ) =

(

1 if x

0

= S

i

0 otherwise

; 1 � i � N ; (2.22)

�

t

( j ) and  

t

( j ) can b e calculated iterativ ely as

�

t

( j ) =

�

max

1 � i � N

�

t � 1

( i ) a

ij

�

b

j

( o

t

) ; 1 � j � N ; t = 1 ; 2 ; : : : ; T ; (2.23)

 

t

( j ) = arg max

1 � i � N

�

t � 1

( i ) a

ij

; 1 � j � N ; t = 1 ; 2 ; : : : ; T : (2.24)

Finally , the b est score P

�

and the last state x

�

t

of the b est path are calculated as

P

�

= P [ X

�

; O j � ] = max

1 � i � N

�

T

( i ) ; (2.25)

x

�

T

= arg max

1 � i � N

�

T

( i ) : (2.26)

The full b est path (state sequence) X

�

= f x

�

1

; x

�

2

; : : : ; x

�

T

g is found b y bac ktracing:

x

�

t

=  

t +1

( x

�

t +1

) ; t = T � 1 ; T � 2 ; : : : ; 1 : (2.27)

The Viterbi algorithm is similar to the forw ard calculation describ ed ab o v e. The ma jor

di�erence is the maximisation in Equation 2.23 whic h is used instead of the summation in

Equation 2.12. The lattice (or trellis) structure used b y the Viterbi algorithm is illustrated

in Figure 2.6. There, the same HMM and observ ation sequence as in Figure 2.5 is used.

2.2.3.3 Problem 3

The last and most di�cult problem is the estimation of the mo del parameters A and B

in suc h a w a y , that they maximise the probabilit y of the observ ation sequence giv en the

mo del. Since the HMMs used in this thesis already w ere trained, the pro cedure of mo del

parameter estimation (i.e. training the HMMs) is not describ ed v ery detailed here.

The HTK system used in this thesis emplo ys con tin uous densit y HMMs, where the prob-

abilit y densities b

j

( o ) for the observ ation v ectors o are represen ted b y Gaussian mixtures.

The form ula for computing b

j

( o ) is

b

j

( o

t

) =

M

X

m =1

c

j m

b

j m

( o

t

) =

M

X

m =1

c

j m

N ( o

t

; �

j m

; �

j m

) ; (2.28)
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Figure 2.6: Lattice (or trellis) structure used b y the Viterbi algorithm.

where M is the n um b er of mixtures, c

j m

is the w eigh t of the m 'th mixture comp onen t and

b

j m

( o

t

) = N ( o

t

; �

j m

; �

j m

) is the Gaussian probabilit y densit y

N ( o ; �; �) =

1

p

(2 � )

n

j � j

e

�

1

2

( o � � )

0

�

� 1

( o � � )

; (2.29)

with the mean v ector � , the co v ariance matrix � and n b eing the dimensionalit y of the

observ ation v ector o .

T o optimise the mo del parameters, commonly the Baum-Welch metho d, an iterativ e rees-

timation pro cedure, is used. In ev ery iteration, new mo del parameters

^

A and

^

B are esti-

mated from the previous parameters A and B so that the mo deling of the giv en training

observ ation sequence O is impro v ed. F or this reestimating, the probabilit y measure

�

t

( i; j ) = P [ x

t

= S

i

; x

t +1

= S

j

j O ; � ]

=

P [ x

t

= S

i

; x

t +1

= S

j

; O j � ]

P [ O j � ]

=

�

t

( i ) a

ij

b

j

( O

t +1

) �

t +1

( j )

P

N

i =1

P

N

j =1

�

t

( i ) a

ij

b

j

( O

t +1

) �

t +1

( j )

(2.30)

is used. It can b e related to 


t

( i ) in Equation 2.19 b y




t

( i ) =

N

X

j =1

�

t

( i; j ) : (2.31)

No w the transition probabilities a

ij

can b e reestimated as

â

i;j

=

exp ected n um b er of transitions from S

i

to S

j

exp ected n um b er of transitions from S

i

=

P

T � 1

t =1

�

t

( i; j )

P

T � 1

t =1




t

( i )

: (2.32)
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If a set of R training observ ations O

r

, 1 � r � R , is used instead of only one training

observ ation O , the a

ij

can b e reestimated as

^a

i;j

=

P

R

r =1

P

T

r

� 1

t =1

�

r

t

( i; j )

P

R

r =1

P

T

r

� 1

t =1




r

t

( i )

: (2.33)

T o reestimate the parameters B of the observ ation probabilit y densities b

j

( o ), the probabil-

it y of o ccup ying the m 'th mixture comp onen t in state S

j

at time t for the r 'th observ ation




r

t

( j; m ) = P [ y

j

= m; x

t

= S

j

j O

r

; � ]

= P [ y

j

= m j x

t

= S

j

; O

r

; � ]

P [ x

t

= S

j

; O

r

j � ]

P [ O

r

j � ]

=

c

j m

b

j m

( o

t

)

b

j

( o

t

)




r

t

( j ) (2.34)

is needed. y

j

denotes the mixture comp onen t o ccupied in state j . No w the parameters

c

j m

, �

j m

and �

j m

can b e reestimated as

^c

j m

=

P

R

r =1

P

T

r

t =1




r

t

( j; m )

P

R

r =1

P

T

r

t =1




r

t

( j )

; (2.35)

^�

j m

=

P

R

r =1

P

T

r

t =1




r

t

( j; m ) o

r

t

P

R

r =1

P

T

r

t =1




r

t

( j; m )

; (2.36)

^

�

j m

=

P

R

r =1

P

T

r

t =1




r

t

( j; m )( o

r

t

� �

j m

)( o

r

t

� �

j m

)

0

P

R

r =1

P

T

r

t =1




r

t

( j; m )

: (2.37)

2.2.4 Sp eec h Recognition with HMMs

T o explain ho w HMMs are applied in sp eec h recognition, the simplest case is used, where

ev ery p ossible sp ok en message is mo delled b y its o wn HMM. T o train the HMM for one

giv en message, a set of training utterances of this message is needed. Also the t yp e of

HMM (n um b er of states N , set of allo w ed state transitions a

ij

> 0, n um b er of mixture

comp onen ts M ) has to b e sp eci�ed. Then, a �rst estimate of the parameters A and B

of the HMM is found e.g. b y uniform segmen tation in to N states along the time axis

and subsequen tly calculation of the means and v ariances of the observ ation v ectors in the

di�eren t segmen ts. Finally , the HMM parameters are recursiv ely reestimated as describ ed

in the solution to problem 3. The recursion is ab orted if a maxim um n um b er of iterations

is reac hed or if the parameters ha v e con v erged. Th us, distinct HMMs �

i

are generated for

all p ossible messages W

i

used in the sp eec h recognition system.

T o recognise a sp ok en utterance (represen ted b y its observ ation sequence O ), the total

lik eliho o d P [ O j �

i

] in Equation 2.3 could b e calculated for all mo dels b y the forw ard-

bac kw ard algorithm describ ed in the solution to problem 1. But in practice, it is preferable

to base the recognition on the maxim um lik eliho o d state sequence since this can easily b e

generalised to the con tin uous sp eec h case. T o �nd this state sequence and its lik eliho o d,

the Viterbi algorithm describ ed in the solution to problem 2 is used.

T o a v oid n umerical problems (under
o w) during the calculation of the di�eren t lik eliho o ds,

it is common to use log P instead of P . This implies, that the m ultiplications needed to

calculate the lik eliho o d of a state sequence are substituted b y a simple summation of the

corresp onding log probabilities.
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2.2.5 Con tin uous Sp eec h Recognition

In the case of con tin uous sp eec h recognition, a whole message is mo delled as a sequence of

di�eren t recognition units. This means that ev ery distinct recognition unit is mo delled b y

its o wn HMM. T o train these HMMs, it is necessary to ha v e lab elled training utterances

where the b eginning and end of the recognition units is kno wn. Th us, the segmen ts of the

observ ation sequences that corresp ond to a giv en recognition unit can b e \cut out" of the

training utterances and the HMM for that recognition unit can b e trained as ab o v e. Since

the (man ual) segmen tation and lab eling of the training utterances requires a lot of time,

this is normally done only for a part of the training utterances.

The preliminary HMMs generated in this w a y can then b e further re�ned b y emb e dde d

r e estimation . F or this pro cess, only the sequence of recognition units that mak e up the

training utterance has to b e kno wn. Then, a big HMM represen ting the whole message

can b e constructed b y connecting the HMMs for the di�eren t recognition units in that

message. The sp ecial non-emitting en try and exit states used b y HTK (see Figure 2.5)

mak e it easy to \glue" the HMMs together. Finally , the parameters of all HMMs can

b e reestimated recursiv ely b y an algorithm similar to the one used for reestimation of

the parameters of a single HMM. The pro cedure of em b edded reestimation can b e seen

as including a kind of implicit segmen tation of the training utterances according to the

"kno wledge" con tained in the preliminary HMM parameters.

T o p erform sp eec h recognition based on the HMMs for the recognition units, it is neces-

sary to kno w in whic h w a y these units can b e com bined to mak e up legal messages. This

information is commonly represen ted as a net w ork where the no des corresp ond to recog-

nition units. The net w ork can e.g. represen t a grammar (or syn tax). Figure 2.7 sho ws

an example of suc h a net w ork. Con trary to this example, normally whole w ords w ould

b e used as recognition units for suc h a small v o cabulary (10 w ords an 2 silence mo dels).

But for bigger v o cabularies (lik e the 1000 w ord D ARP A resource managemen t task used

later in this thesis), it is common to use sub-w ord units lik e phonemes as basic recognition

units. This allo ws a more reliable estimation of the HMM parameters due to the greater

n um b er of training examples. On the other hand, a transcription in terms of the basic

recognition units is needed for all w ords in the v o cabulary . This can e.g. b e a lexicon of

phoneme transcriptions.

The whole net w ork can b e seen as a big HMM consisting of the HMMs for the basic

recognition units glued together b y means of their en try and exit states. T o recognise

a sp ok en utterance, the Viterbi algorithm is used to �nd the b est path through this big

HMM. Finally , the names of the w ords and w ord-external mo dels passed b y this b est path

are used to build a h yp othesis of the sp ok en message.

2.3 The Hidden Mark o v Mo del T o olkit

In this thesis, the Hidden Markov Mo del T o olkit (HTK) has b een used [4]:

HTK is a to olkit for building con tin uous densit y hidden Mark o v mo del (HMM)

based recognisers. It is primarily in tended for building sub-w ord based con tin u-

ous sp eec h recognisers and can b e used in a wide range of pattern classi�cation

problems. HTK is built on an extensible, mo dular library that simpli�es the
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Figure 2.7: A simple syn tax net w ork.
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dev elopmen t of user-written to ols. The to olkit includes signal pro cessing func-

tions, HMM training and testing to ols, language mo deling supp ort and scoring

soft w are. HTK is ideal for researc h in HMM mo deling and recognition.

In the follo wing, a short o v erview of HTK is giv en and its Viterbi recogniser is explained.

Finally , the 1000 w ord D ARP A resource managemen t task used in this thesis is describ ed.

2.3.1 Ov erview of HTK

HTK consists of a set of to ols that p erform the di�eren t tasks in an HMM based recognition

system. These to ols are written in the programming language C [22 ] and mak e use of a

library of basic functions for handling HMMs. Di�eren t data �les are used to transfer

data b et w een the di�eren t to ols. These �les can con tain sp eec h data (as a w a v eform or as

sequence of observ ation v ectors), sp eec h lab eling data, HMMs (the parameters that de�ne

them) or recognition net w orks. HTK allo ws to use nearly arbitrary HMM structures. It is

also p ossible that HMM parameters can b e shared b y di�eren t mixtures, states, HMMs,

etc.. In HTK, the basic recognition unit (e.g. a phoneme or a w ord) mo delled b y a single

HMM is called a phone . T o mo del coarticulation e�ects in sub-w ord based recognisers,

HTK o�ers c ontext dep endent HMMs. This means that a distinct biphone or triphone

mo del is used for ev ery p ossible con text of phones.

These are the main to ols in HTK:

� HCo de: This program is used to enco de a sp eec h w a v eform �le in to a parameterised

form (a sequence of observ ation v ectors).

� HInit: This to ol is used to initialise an HMM on a set of lab elled training data

segmen ts.

� HRest: This is the basic Baum-W elc h reestimation to ol that w orks on a set of

lab elled training data segmen ts.

� HERest: This is the em b edded training Baum-W elc h reestimation to ol. It trains

a set of HMMs sim ultaneously using a training data set consisting of con tin uously

sp ok en sen tences and their corresp onding transcriptions.

� HVite: This is a con tin uous sp eec h Viterbi recogniser with syn tax constrain ts and

b eam searc h.

� HResults: This program tak es a pair of transcription �les, p erforms a dynamic

programming (DP) matc h b et w een them and outputs recognitions statistics.

� HSLab: This program is a simple in teractiv e sp eec h lab el editor that displa ys sp eec h

w a v eforms and transcription �les graphically .

2.3.2 The Viterbi Recogniser HVite

The to ol HVite is a general-purp ose Viterbi recogniser. It matc hes a net w ork of HMMs

against one ore more parameterised sp eec h �les and outputs a transcription �le for eac h.

The recognition net w ork is constructed from a net w ork de�nition �le. Eac h net w ork no de
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name refers to a HMM except for the t w o reserv ed names WD BEGIN and WD END.

They are used to delimit the b oundaries of a c omp osite wor d mo del for w ord recognition

systems based on sub-w ord units. No des b et w een a WD BEGIN / WD END pair are

called wor d-internal and all others no des are called wor d-external . It is p ossible to sp ecify

external no de names that are di�eren t from the (in ternal) no de names referring to the

HMMs. These external names are separated b y a % in the net w ork �le and are used when

the transcription �le is generated. W ord-external no des don't app ear in the transcription

�le if they ha v e a n ull external name (denoted b y %% ). All WD BEGIN / WD END

pairs m ust ha v e an external name whic h is used to lab el that comp osite w ord mo del in

the transcription �le. W ord-in ternal no des nev er app ear in the transcription �le. An

example of a net w ork de�nition �le is sho wn in Figure 2.8. It de�nes the net w ork sho wn

in Figure 2.7.

$ZERO = WD BEGIN%ZERO z iy r ow [sp] WD END%ZERO;

$ONE = ...

.

.

.

$NINE = WD BEGIN%NINE n ay n [sp] WD END%NINE;

$digit = $ZERO | $ONE | ... | $NINE;

( [sil%%] <$digit> [sil%%] )

Figure 2.8: A simple net w ork �le de�ning the net w ork in Figure 2.7.

When reading the net w ork de�nition �le, an equiv alen t represen tation is build in memory .

The net w ork is represen ted b y a set of no des with explicit p oin ters to all successor and all

predecessor no des. Lik e the HMMs themselv es, the net w ork con tains a single en try no de

and a single exit no de called ENTER and EXIT resp ectiv ely . The in ternal represen tation

of a recognition net w ork in HTK is illustrated in Figure 2.9.

Since the recognition net w ork is regarded as a big HMM, it is also necessary to sp ecify the

transition probabilities from a net w ork no de M

i

to its successor no des M

j

. T o b e precise,

these transitions are p erformed from the non-emitting exit state of the HMM attac hed

to the no de M

i

to the non-emitting en try states of the HMMs attac hed to the successor

no des M

j

. The WD BEGIN and WD END no des are represen ted b y a kind of degenerated

HMM that consist only of a single non-emitting state whic h is en try and exit state at the

same time. F or the w ord-external transitions (i.e. from a w ord-external or WD END no de

to a w ord-external or WD BEGIN no de), the log transition probabilit y is de�ned as

s log P [ M

j

j M

i

] + p (2.38)

where s is a grammar scale factor and p is a �xed transition p enalt y (lo w er v alue of p

giv es higher p enalt y). Their default v alues are s = 1 and p = 0. If a matrix of a priori

transition probabilities w as sp eci�ed in a sp ecial bigr ammar �le, then

P [ M

j

j M

i

] = bigram[ i; j ] (2.39)

is used. Otherwise

P [ M

j

j M

i

] = 1 = N

succ

( i ) (2.40)

is used, where N

succ

( i ) is the n um b er of successors of no de M

i

. F or the w ord-in ternal

transition (i.e. from a w ord-in ternal or WD BEGIN no de to a w ord-in ternal or WD END

no de), alw a ys the log transition probabilit y � log N

succ

( i ) is used.
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Figure 2.9: In ternal represen tation of a recognition net w ork in HTK (simpli�ed ).

The Viterbi algorithm in HVite is implemen ted using a concept called token p assing

p ar adigm [5 ]. It mak es use of a PhoneInstanc e data structure attac hed to eac h net w ork

no de. F or all no des except WD BEGIN and WD END no des the PhoneInstance p oin ts to

the corresp onding HMM de�nition and con tains an arra y whic h for eac h HMM state can

hold a token . The PhoneInstance attac hed to a WD BEGIN or WD END no des can only

hold a single tok en. A tok en represen ts an alignmen t path and its probabilit y up to the

curren t time frame giv en the HMM system and the unkno wn utterance. Ev ery state holds

a single tok en since the b est path to the curren t frame could end in an y HMM state.

The basic tok en passing algorithm simply propagates tok ens from eac h state to ev ery

connecting state up dating the probabilit y and history information. If more than one

tok en is propagated to a state, only the b est (most lik ely) tok en is main tained and th us the

maximisation c haracteristic for the Viterbi algorithm is implemen ted. This propagation

is rep eatedly p erformed for ev ery time frame in the utterance. First tok ens are passed

within eac h of the HMM instances (PhoneInstances) and then b et w een the PhoneInstances

according to the net w ork links. Eac h b est tok en propagated from a distinct WD END or

w ord-external no de is recored in phone link r e c or d (PLR). The PLRs allo w to trace bac k

the alignmen t path of the b est tok en after the whole utterance has b een matc hed. The

main data structure of HVite is illustrated in Figure 3.10. The structures R ankInfo ,

R ankList and R ankEntry are not used b y HVite and the output probabilities Bjot are only

stored for the curren t time frame.

T o increase pro cessing sp eed, HVite can optionally p erform a b eam searc h. This means

that at ev ery time frame an y PhoneInstance whose maxim um log probabilit y tok en falls

more than a user sp eci�ed threshold v alue b elo w the maxim um for all PhoneInstances is

deactiv ated.
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2.3.3 The D ARP A Resource Managemen t Corpus

The D ARP A resource managemen t (RM) corpus is a b enc hmark task widely used in

ev aluating large v o cabulary con tin uous sp eec h recognition systems. It consists of more

that 2200 di�eren t sen tences that ob ey a w ell de�ned syn tax and has a v o cabulary of 991

w ords. In this thesis, the sp eak er indep enden t training and test data of the RM corpus

w as used. The training data consists of 3990 sen tences sp ok en b y 109 di�eren t sp eak ers.

There are 4 di�eren t test data sets a v ailable. Eac h of these sets consists of 300 sen tences

sp ok en b y 10 di�eren t sp eak ers. F or all sen tences, a w ord lev el transcription is a v ailable.

The RM sp eec h data is a v ailable on CD-R OM. It is recorded as \lab oratory sp eec h" with

a go o d microphone in a silen t ro om and is sampled at 16 kHz and uniformly quan tised

with 16 bit.

HTK con tains also a R esour c e Management T o olkit (RMTK) that consists of script �les,

utilit y programs and data �les related to the RM task. A basic phoneme-based recogniser

for the RM task built according to the recip e in RMTK w as a v ailable for this thesis. The

sp eec h �les w ere parameterised as MF CC with app ended energy , delta and acceleration

co e�cien t in frames of 10 ms as describ ed in Section 2.1.3.1. The recogniser uses a set of

47 HMMs, eac h mo delling a phoneme, and has 2 additional silence mo dels (see T able 2.1).

The HMMs are con text indep enden t 5 state left-righ t mo dels (monophones) without skip

transitions (as in Figure 2.7) and use a single Gaussian mixture ( M = 1) with diagonal

co v ariance matrix � for the output distribution. The silence mo del \sp" is simpler and has

only a single emitting state. Besides this baseline HMM set, here also referred to as \base",

a second more adv anced HMM set w as a v ailable. It is part of a small demonstration of

HTK and here referred to as \demo". It is based on the monophone HMM set men tioned

ab o v e but consists of ab out 2300 con text dep enden t HMMs (triphones) includin g function-

w ord sp eci�c HMMs.

A lexicon con taining the phoneme transcriptions for all 991 w ords in v o cabulary is also

pro vided. It is used to build the recognition net w orks for b oth HMM sets. Tw o di�eren t

recognition net w orks ha v e b een used in this thesis. The �rst net w ork emplo ys simply no

gr ammar so that the w ords can follo w eac h other in an y order. The other net w ork uses

a wor d-p air gr ammar where the set of p ossible successors is de�ned for ev ery w ord in the

v o cabulary .
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Stops

b b ee b iy

d da y d ey

g ga y g ey

p p ea p iy

t tea t iy

k k ey k iy

dx m uddy m ah dx iy

dirt y d er dx iy

ts dates d ey ts

knots n aa ts

Stop Closures

dd made m ey dd

june dd jh u w n

p d upgrade ah p d g r ey dd

c hopp ed td c h aa p d t

td test t eh s td

c hart td c h aa r td

kd ha wkbill hh ao kd b ih l

y orkto wn y ao r kd t a w n

A�ricates

jh jok e dd jh o w k

c h c hok e td c h o w k

F ricativ es

s sea s iy

sh she sh iy

z zone z o w n

f �n f ih n

th thin th ih n

v v an v ae n

dh then dh eh n

Nasals

m mom m aa m

n no on n u w n

ng sing s ih ng

en reasons r iy z en z

Semiv o w els and Glides

l la y l ey

r ra y r ey

w w a y w ey

y y ac h t y aa t

hh ha y hh ey

el b ottle b aa t el

V o w els

iy b eet b iy t

ih bit b ih t

eh b et b eh t

ey bait b ey t

ae bat b ae t

aa b ott b aa t

a w b out b a w t

a y bite b a y t

ah but b ah t

ao b ough t b ao t

o y b o y b o y

o w b oat b o w t

uh b o ok b uh k

u w b o ot b u w t

er bird b er d

ax ab out ax b a w t

Others

sil silence

sp in ter-w ord silence

T able 2.1: The RM Baseline Monophone Set: Sym b ols, example w ords and p ossible transcriptions (The

set con tains 47 phonemes and 2 silence mo dels).



Chapter 3

N-Best Algorithms

In this c hapter, the N -b est searc h paradigm is in tro duced and sev eral di�eren t N -b est

algorithms are presen ted and compared. Then, an implemen tation of the tree-trellis N -

b est algorithm based on HTK is describ ed. Finally , exp erimen tal results obtained with

the tree-trellis algorithm are presen ted and discussed.

3.1 In tro duction

A sp eec h recognition system should tak e in to accoun t all a v ailable kno wledge sources when

recognising an utterance. Besides the sp eec h signal and the mo dels of the recognition

units, also kno wledge ab out syn tax, seman tic and other prop erties of the natural language

migh t b e used when searc hing for the most lik ely w ord sequence (h yp othesis). One w a y

to include these kno wledge sources in the searc h pro cess is to use them sim ultaneously to

constrain a single searc h. Since man y of the natural language kno wledge sources con tain

\long-distance" e�ects (dep endencies b et w een w ords far apart in the input), the searc h

can b ecome quite complex. F urthermore, the common left-to-righ t searc h strategy requires

that also all kno wledges source are form ulated in a predictiv e, left-to-righ t manner, whic h

restricts the t yp e of kno wledge that can b e used.

One w a y to solv e these problems is to apply the kno wledge sources not sim ultaneously but

sequen tially so that the searc h for the most lik ely h yp othesis is constrained progressiv ely

[7]. Th us, the adv an tages pro vided b y a kno wledge source can b e trade o� against the costs

of applying it. First, the most p o w erful and c heap est kno wledge sources are applied to

generate a list of the top N h yp otheses. Then, these h yp otheses are ev aluated b y the other

more exp ensiv e kno wledge source so that the list of h yp otheses can b e reordered according

to a more adv anced lik eliho o d score. The whole N -b est searc h paradigm is illustrated in

Figure 3.1. As long as the correct h yp othesis is among the N -b est h yp otheses, the N -b est

searc h paradigm �nally will �nd the same correct h yp othesis as a searc h that includes all

kno wledge sources sim ultaneously . The \correct h yp othesis" is the most lik ely h yp othesis

according to the pro vided mo dels and kno wledge sources | whether this is really the

utterance that w as sp ok en, dep ends on the qualit y of the mo dels and kno wledge sources

and not on the searc h algorithm.

Recen tly , di�eren t algorithms for �nding the N -b est sen tence h yp otheses ha v e b een pro-

p osed [7 , 8, 9]. Some of these algorithms are exact while others use di�eren t appro xima-

22
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statistical grammar full natural language mo del

syn tax seman tics, etc.

bi-grammar higher-order grammar

: : : : : :

Figure 3.1: The N -b est searc h paradigm: Com bination of kno wledge sources using the N -b est algorithm

(after [7]).

tions to reduce computation requiremen ts. The di�eren t N -b est algorithms are describ ed

and compared in Section 3.3.

Besides the N -b est searc h paradigm, there are also other uses for these N -b est algorithms:

� The N -b est h yp otheses lists generated during recognition tests can b e used in v esti-

gate new kno wledge sources. Since it is not necessary to rerun the whole recognition

pro cess, exp erimen tal ev aluation of the additional information pro vided b y a new

kno wledge source can b e done m uc h easier [11 ].

� Metho ds for the discriminativ e training of HMMs usually require a list of errors and

near-misses so that the correct answ er can b e made more lik ely and the errors and

near-misses can b e made less lik ely . Suc h a list can b e easily pro vided b y an N -b est

algorithm [11 , 13]

� In a sp eec h recognition system, some parameters lik e the w eigh ts of di�eren t kno wl-

edge sources (e.g. grammar-scalefactor, w ord-p enalt y , : : : ) can not b e easily esti-

mated. F or the �ne-tuning of these parameters, normally rep eated recognition test

are required. Using the N -b est h yp otheses lists generated during a single run of the

recogniser, the parameter optimisation can then b e done m uc h easier [11 ].

� A mo di�ed v ersion of the tree-trellis N -b est algorithm can b e used to generate the

lexicon needed b y sub-w ord based recogniser automatically [15 ]. Chapter 4 giv es a

detailed description of this tec hnique.

3.2 The A* T ree Searc h Algorithm

Some of the N -b est algorithms presen ted later mak e use of a sp ecial tree searc h algorithm,

the A* algorithm. This algorithm is often applied to problems in the area of arti�cial

in telligence. A detailed description of the A* algorithm can b e found in [6, c hapter 3]. It

will b e review ed brie
y no w.
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Man y problems in arti�cial in telligence can b e form ulated in a state-space. This means

that, starting from an initial state, op erators are applied to state descriptions un til a

desired goal state is obtained. The 8-puzzle can b e used as an example to illustrate this

concept. Here, a con�guration of the 8 n um b ered tiles on the 3 � 3 �eld is a state and

mo ving the blank one step in one of the four p ossible directions is an op er ation (see also

Figure 3.3).

The searc h for sequence of op erations that will transform the start state in to a goal state

can b e mo deled b y a graph. In this thesis, a tree as a sp ecial kind of graph is su�cien t.

Eac h no de in this tree is asso ciated to a state. By applying all p ossible op erators to the

state asso ciated to a no de, all successors of this no de are generated and th us the no de is

exp ande d . First the start no de ha ving the initial state asso ciated is expanded. Then the

pro cess of expanding successor no des is con tin ued un til a goal no de is generated. P oin ters

from the successor no des bac k to their paren t no de are set up when a no de is expanded.

They allo w to trace bac k the path to the start no de when a goal no de is �nally found.

T o minimise the n um b er of expanded no des and th us to optimise the tree searc h, a searc h

metho d sp eci�es the order in whic h the no des are expanded. By using heuristic information

ab out the global nature of the searc h tree and the general direction of the goal, it can b e

tried to \pull" the searc h to w ards the goal b y expanding the most promising no des �rst.

This can b e done b y using an ev aluation function

^

f and selecting the no de n with the

smallest v alue

^

f ( n ) to b e expanded next. This ordered searc h metho d mak es use of t w o

lists called OPEN and CLOSED and is sho wn in Figure 3.2.

put start no de s on OPEN

compute

^

f ( s ) while OPEN is not empt y

remo v e from OPEN the no de n whose

^

f ( n ) v alue is smallest

put n on CLOSED if n is a goal no de

obtain the solution path b y tracing bac k through the p oin ters

exit

if no de n has an y successors

expand no de n b y generating all of its successors n

i

compute all

^

f ( n

i

)

put these successors on OPEN

pro vide p oin ters bac k to n

exit with failure

Figure 3.2: The A* tree searc h algorithm.

The depth d ( n ) of a no de n is the length of the path from the start no de s to the no de n .

Th us, the depth of the start no de s is d ( s ) = 0, the depth of its successors s

i

is d ( s

i

) = 1

etc.. With the depth limit d

max

, the ev aluation function

^

f ( n ) = � min f d ( n ) ; d

max

g (3.1)

results in a depth-�rst searc h where the deep est no des are expanded �rst. On the other

hand, the ev aluation function

^

f ( n ) = d ( n ) (3.2)

results in a br e adth-�rst searc h. It guaran tees that the shortest path to a goal no de will

b e found. The b oth searc h metho ds presen ted y et are blind metho ds since they mak e no

use of heuristic information.
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T o obtain more p o w erful ev aluation functions, costs can b e asso ciated to the arcs in the

tree. Assuming a cost function c ( n

i

; n

j

) giving the cost of going from no de n

i

to its

successor no de n

j

, the cost g ( n ) of the path from the start no de s to a no de n can b e

calculated as

g ( s ) = 0 (3.3)

g ( n

i

) = g ( n ) + c ( n; n

i

) : (3.4)

The ev aluation function

^

f ( n ) = g ( n ) (3.5)

results in a uniform-c ost searc h whic h �nds the minimal cost path to a goal no de. When

using constan t arc costs c ( n

i

; n

j

) = 1, this metho d is iden tical to the breadth-�rst metho d.

The A* algorithm is an optimal searc h metho d that maximises searc h e�ciency while still

guaran teeing that a minimal cost path to a goal is found. These prop erties are obtained

b y using the ev aluation function

^

f ( n ) = g ( n ) +

^

h ( n ) : (3.6)

The function

^

f ( n ) is an estimate of the cost of a minimal cost path from the start no de

s to a goal no de whic h go es through no de n . This path consists of to partial paths: The

path from the start no de to no de n and the path from no de n to a goal no de. g ( n ) is the

cost of the �rst partial path, the minimal cost path from s to n .

^

h ( n ) is an estimate of the

cost h ( n ) of the second partial path, the minimal cost path from no de n to a goal no de.

The function

^

h ( n ) is called the heuristic function . If

^

h ( n ) � 0, no heuristic information is

used and the A* algorithm is iden tical to the uniform-cost metho d.

The A* algorithm is admissible if

^

h ( n ) � h ( n ) for all no des n and if all arc costs are

p ositiv e. This means that the searc h will alw a ys terminate in an optimal (i.e. minimal

cost) path whenev er suc h a path exists. If an admissible function

^

h

1

( n ) is ev erywhere larger

than an other admissible function

^

h

2

( n ),

^

h

1

( n ) can b e called a mor e informe d function

giving a higher heuristic p ower than

^

h

2

( n ). If

^

h

opt

( n ) has a higher heuristic p o w er than

an y other heuristic function

^

h ( n ),

^

h

opt

( n ) results in an optimal A* algorithm. The pro ofs

and a detailed discussion of this theorems can b e found in [6].

The A* algorithm can b e illustrated b y the 8-puzzle example sho wn in Figure 3.3. In

this example, the cost of a path is de�ned as the n um b er of tiles mo v ed on this path (i.e.

g ( n ) = d ( n )). The n um b er of misplaced tiles at no de n is used as an admissible heuristic

function

^

h ( n ).

3.3 Di�eren t N-Best Algorithms

The Viterbi algorithm t ypically used in an HMM-based sp eec h recogniser only �nds the

b est w ord sequence (the h yp othesis corresp onding to the state sequence with the highest

lik eliho o d score). T o obtain not only the �rst b est h yp othesis but the list of the b est

N h yp otheses, sev eral mo di�cations of the Viterbi algorithm are necessary . Di�eren t

algorithms that are able to �nd the N -b est h yp otheses are presen ted no w.
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Figure 3.3: The tree pro duced b y the A* algorithm while solving an 8-puzzle. The v alue of

^

f for eac h

no de is circled, and the uncircled n um b ers sho w the order in whic h the no des are expanded (after [6]).

3.3.1 The Exact N-Best Algorithm

The exact N -b est algorithm w as prop osed in [7 ]. This algorithm is similar to the time-

sync hronous Viterbi algorithm, but instead of lik eliho o d scores for state sequences, lik eli-

ho o d scores for w ord sequences are computed. T o b e able to �nd the N -b est h yp otheses,

it is necessary to k eep separate records for theories (paths) with di�eren t w ord sequence

histories. When t w o or more paths come to the same state at the same time and also ha v e

the same history (w ord sequence), their probabilities are added. When all paths for a

state ha v e b een calculated, only a sp eci�ed n um b er of these lo cal theories are main tained.

Their probabilities ha v e to b e within a threshold of the probabilit y of the most lik e the-

ory (w ord sequence) at that state. Therefore, an y w ord sequence h yp othesis that reac hes

the end of the utterance has an accurate lik eliho o d score. This score is the conditional

probabilit y of the observ ed sp eec h signal giv en the w ord sequence h yp othesis. Th us, the

list of the N -b est h yp otheses is generated. T o reduce the exp onen tially gro wing n um b er

of p ossible w ord sequences, pruning is used. It can b e sho wn that this algorithm will �nd

all h yp otheses that are within a searc h b eam sp eci�ed b y the pruning thresholds [7 ].

Since the probabilities of paths with the same w ord sequence history are added, the total

likeliho o d sc or e is calculated, as opp osed to the maximum likeliho o d sc or e calculated b y

the Viterbi algorithm. This also leads to somewhat higher recognition rates [8].

T o reduce the computation requiremen ts connected with the exact N -b est algorithm, it

is p ossible to com bine the N -b est algorithm with the forw ard-bac kw ard searc h algorithm

describ ed in [10 ]. The forw ard-bac kw ard searc h algorithm tak es place in t w o phases. In
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the �rst phase, a fast time-sync hronous searc h of the utterance in forw ard direction is

p erformed. In the second phase, a more exp ensiv e searc h is p erformed, pro cessing the

utterance in rev erse direction and using information gathered b y the forw ard searc h. F or

example, a Viterbi searc h is p erformed in the forw ard phase and then the more exp ensiv e

exact N -b est searc h is p erformed in the bac kw ard phase. The information from the for-

w ard searc h is used to a v oid expanding the bac kw ard searc h tree to w ards non-promising

h yp otheses and th us sa v es computation costs. This concept of com bining a forw ard and

a bac kw ard searc h is similar to the concept of the tree-trellis algorithm presen ted in Sec-

tion 3.3.2.

3.3.2 The T ree-T rellis Algorithm

The tree-trellis algorithm for �nding the N -b est h yp otheses w as prop osed in [9 ]. This

algorithm com bines a frame-sync hronous forw ard trellis searc h with a frame-async hronous

bac kw ard tree searc h. In the forw ard trellis searc h, a mo di�ed Viterbi algorithm is used.

In a normal Viterbi algorithm, only the bac kp oin ter arra ys necessary to trace bac k the b est

h yp othesis w ould b e stored. The mo di�ed algorithm used here also stores rank-ordered

predecessor lists for eac h grammar no de and time frame. F or a giv en grammar no de and

time frame, suc h a list has an en try for eac h predecessor of that grammar no de. This en try

con tains the lik eliho o d score of the b est partial path comming via that predecessor to the

grammar no de. Before b eing stored, the en tries in a predecessor list are rank-ordered

according to their lik eliho o d score. When the mo di�ed Viterbi searc h has reac hed the end

of the utterance, the b est h yp othesis can already easily b e obtained b y bac ktracing.

In the bac kw ard searc h, an A* tree searc h algorithm is used to �nd the N -b est h yp otheses.

This tree searc h starts from the end of the utterance at the �nal grammar no de. In eac h

step, the bac kw ard partial path is extended to w ards the b eginning of the utterance b y

a time-rev erse Viterbi searc h for the b est single w ord extension. The b est single w ord

extension is found using the rank-ordered predecessor lists generated during the forw ard

searc h. When the bac kw ard partial path reac hes the b eginning of the utterance, the

b est h yp othesis is found (it is iden tical to the h yp othesis already found in the forw ard

Viterbi searc h). By con tin uing the A* tree searc h, the N -b est h yp otheses can b e found

sequen tially . A blo c k diagram of the whole tree-trellis algorithm is sho wn in Figure 3.4.

The bac kw ard tree searc h p erformed here is more complicated than a normal A* tree

searc h due to the time v arying asp ects. This means that there are usually man y paths for

the same w ord sequence with di�eren t time tra jectories and scores. Since only paths of

di�eren t w ord con ten t are considered here, paths with the same w ord con ten t but di�eren t

time tra jectories are compared �rst. The score of the b est p ossible path is then compared

with other b est paths of di�eren t w ord con ten ts. Figure 3.5 illustrates the time v arying

asp ect. Here, the w ord sequence up to grammar no de m ( n ) found in the bac kw ard tree

searc h is �rst extended b y the b est w ord w

0

up to grammar no de m ( n

0

). This is done

b y a time-rev erse Viterbi algorithm that extends the the b est partial paths to grammar

no de m ( n ) ending at the di�eren t time frames and th us �nds the b est paths to grammar

no de m ( n

0

) for the di�eren t time frames. Then these extended bac kw ard partial paths to

grammar no de m ( n

0

) are merged with the forw ard partial paths to grammar no de m ( n

0

)

found in the mo di�ed Viterbi searc h. This means that for all time frames the bac kw ard

partial path score is com bined with the forw ard partial path scores of all predecessors of

grammar no de m ( n

0

) that w ere stored during the mo di�ed Viterbi searc h. Finally , the
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Figure 3.4: Blo c k diagram of the tree-trellis algorithm.

highest com bined lik eliho o d score is found for eac h p ossible predecessor (i.e. eac h w ord

that could b e used to extend the bac kw ard path ending in grammar no de m ( n

0

)) and th us

the b est w ord extension for the next step is found.

The full bac kw ard A* tree searc h algorithm is sho wn in Figure 3.6. A stac k en try (no de) n

used b y this A* searc h consists of a rank-ordered list of the I ( n ) p ossible w ord extensions

w ( n; i ) and their total path scores f ( n; i ) (with f ( n; i ) � f ( n; j ) for 1 � i < j � I ( n )),

the index i

next

( n ) of the b est w ord extension not y et p erformed, an arra y con taining

the lik eliho o d scores g ( n; t ) of the bac kw ard partial paths for eac h time frame t and a

bac kp oin ter to the previous stac k en try n

pre

( n ). The rank-ordered lists of the J ( m ( n ))

p ossible predecessors p ( m ( n ) ; j ) of grammar no de m ( n ) and their forw ard partial path

scores h ( m ( n ) ; t; j ) at time frame t (with h ( m ( n ) ; t; i ) � h ( m ( n ) ; t; j ) for 1 � i < j �

J ( m ( n ))) ha v e b een generated in the forw ard searc h. m ( n ) is the grammar no de reac hed b y

the bac kw ard partial paths of n . The en tries n on the OPEN stac k are ordered according

to f ( n; i

next

( n )). Since the mo di�ed Viterbi algorithm used in the forw ard searc h only

di�ers from a normal Viterbi algorithm in the additional generation of the predecessor

lists, it is not presen ted here again. The start no de s for the bac kw ard tree searc h is

the EXIT no de m ( s ) of the grammar net w ork. The utterance consists of the time frames

t = 1 ; 2 ; : : : ; T . In the time-rev erse Viterbi searc h, c ( n; n

0

; t; t

0

) denotes the lik eliho o d score

of the b est partial path for w ord w

0

from grammar no de m ( n ) to grammar no de m ( n

0

)

starting at time frame t and ending at time frame t

0

(with t > t

0

due to the time-r everse d

searc h). All lik eliho o d scores used here are log lik eliho o ds. Therefore they are adde d when

partial paths are com bined.

Di�eren t from a t ypical A* tree searc h, where the score for the incomplete p ortion of
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Figure 3.5: The tree-trellis algorithm: Extending the bac kw ard partial paths to grammar no de m ( n ) b y

the b est w ord w

0

and merging these extended partial paths with the forw ard partial paths at grammar

no de m ( n

0

).

a path is estimated b y a heuristic function

^

h ( n ), the tree searc h here uses the exact

score h ( n ) stored in the rank-ordered predecessor lists generated in the forw ard Viterbi

searc h. Th us, maxim um optimalit y of the A* tree searc h is obtained, whic h means that

only the necessary path extensions are p erformed. Additionally , the ev aluation function

f ( n ) = g ( n ) + h ( n ) giv es the exact score of the complete path during the whole A* tree

searc h for a h yp othesis. Therefore, it is p ossible to limit the size of the OPEN stac k to the

n um b er N of h yp otheses to b e found. The fact that sc or es instead of c osts are used here,

only means that not the no de with the lo w est costs but the one with the highest score is

expanded �rst b y the A* algorithm. Another di�erence to the normal A* tree searc h is

that here a no de is only expanded to its b est ungro wn successor no de and not to all of its

successor no des.

A go o d summary of the theory b ehind the tree-trellis algorithm can b e found in [1 , pp.

236{238]. In [12 ], a mo di�ed v ersion of the tree-trellis algorithm is presen ted, where a

simple grammar is used in the forw ard Viterbi searc h and a more complex grammar is used

in the bac kw ard tree searc h. This concept is similar to the forw ard-bac kw ard algorithm

men tioned in Section 3.3.1 and can result in reduced computation requiremen ts. More

details ab out the implemen tation of the tree-trellis algorithm can b e found in Section 3.4.

3.3.3 Appro ximate N-Best Algorithms

The exact N -b est algorithm and the tree-trellis algorithm require b oth a signi�can t amoun t

of computation additional to that of a normal Viterbi searc h. Due to this reason, also

faster N -b est algorithms based on appro ximations ha v e b e suggested. These algorithms

don't guaran tee that the exact list of N -b est h yp otheses will b e found. It can either

happ en that the lik eliho o d score of an en try is underestimated or that an en try is missing

totally . But the appro ximate list still migh t b e su�cien t for man y applications. Tw o

N -b est algorithms using di�eren t appro ximations are describ ed no w.
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/***** initialise start no de s *****/

w ( s; i ) = p ( m ( s ) ; i ) ; i = 1 ; 2 ; : : : ; J ( m ( s ))

f ( s; i ) = h ( m ( s ) ; T ; i ) ; i = 1 ; 2 ; : : : ; J ( m ( s ))

I ( s ) = J ( m ( s ))

i

next

( s ) = 1

g ( s; t ) = �1 ; t = 0 ; 1 ; : : : ; T � 1

g ( s; T ) = 0

n

pre

( s ) = NIL

put start no de s on OPEN

N

found

= 0

while OPEN is not empt y

remo v e from OPEN the top en try n (ha ving maxim um f ( n; i

next

( n )))

tak e the single w ord extension w

0

= w ( n; i

next

( n )) to the b est ungro wn successor n

0

incremen t i

next

( n )

if i

next

( n ) > I ( n )

put n on CLOSED

else

reinsert n in OPEN according to f ( n; i

next

( n ))

if n

0

is a goal no de (i.e. m ( n

0

) is net w ork ENTER no de)

incremen t N

found

obtain the N

found

'th h yp othesis b y tracing bac k through the p oin ters n

pre

( n )

if N

found

= N

exit

else
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Figure 3.6: The bac kw ard tree searc h algorithm to �nd the N -b est h yp otheses.
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3.3.3.1 The Lattice Algorithm

The lattice N -b est algorithm w as prop osed in [8]. It is based on a normal time-sync hronous

forw ard Viterbi searc h but di�ers in the bac kp oin ter information stored during the searc h.

A t eac h grammar no de for eac h time frame, not only the b est scoring w ord but all w ords

that arriv e at that no de are stored in a tracebac k list together with their scores and the

time when the w ord started. Instead of storing all arriving w ords, it is also p ossible to

store only the b est N

lo cal

w ords (lo cal theories). Lik e in a normal Viterbi searc h, only the

score of the b est w ord is passed on as a basis for further scoring together with a p oin ter to

the tracebac k list stored. A t the end of the utterance, a simple tree searc h is used to step

through the stored tracebac k lists and obtain the N -b est complete sen tence h yp otheses

sequen tially . This tree searc h requires nearly no computation and can b e p erformed v ery

fast. The N -b est theory tracebac k done b y the tree searc h is illustrated in Figure 3.7,

where eac h dot marks the b eginning of a w ord and eac h dashed v ertical line represen ts a

stored tracebac k list.

Score
Difference

0

Time

Best HypothesisRank

1

2

5

6

7
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3
4

Figure 3.7: N -b est theory tracebac k in the lattice algorithm (after [8 ]).

As describ ed in [5 ], the lattice algorithm can also easily b e implemen ted using a sligh tly

extended tok en passing concept, where not only the single b est but a list of b est prede-

cessors is stored in eac h phone link record. The lattice algorithm can b e used either with

total likeliho o d sc oring [8 ] or lik e a normal Viterbi searc h with maximum likeliho o d sc oring

[5]. The di�erence b et w een these t w o scoring principles is explained in Section 3.3.1.

A serious disadv an tage of the lattice algorithm is that it underestimates or completely

misses high scoring h yp otheses due to the fact that all (exp ect the b est) h yp otheses are

deriv ed from segmen tations found for other higher scoring h yp otheses. This is caused b y

the assumption that the starting time of a w ord do es not dep end on the preceding w ord

| an assumption that is inheren t to the lattice algorithm. This problem can mostly b e

o v ercome b y the w ord-dep enden t algorithm presen ted next.

3.3.3.2 The W ord-Dep enden t Algorithm

Lik e the lattice N -b est algorithm, also the w ord-dep enden t algorithm w as prop osed in [8].

It is a compromise b et w een the exact N -b est algorithm (with can b e called a sen tence-

dep enden t algorithm) and the lattice algorithm. Here it is assumed that the starting time

of a w ord do es dep end on the preceding w ord but do es not dep end on an y w ord b efore that.
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Therefore, theories are distinguished if they di�er in the previous w ord. The adv an tages

of this concept, compared with the lattice algorithm, are illustrated in Figure 3.8.

Time

Word-Dependent Algorithm
Word

Time

Lattice Algorithm
Word

C

B

AA

B

C

2nd hypothesis
1st hypothesis

for 2nd hypothesis
suboptimal path

within word C
this best path
can only keep

optimal path for:

Figure 3.8: Comparison of the w ord-dep enden t algorithm and the lattice algorithm (after [8]).

Within a w ord, the lik eliho o d scores for eac h of the di�eren t lo cal theories (previous

w ords) are preserv ed. A t the end of eac h w ord, the lik eliho o d score for eac h previous w ord

is recorded along with the name of the previous w ord. Then a single theory with the name

of the w ord that just ended is used to pro ceed. A t the end of the utterance, a tree searc h

(similar to the one used in the lattice algorithm) is used to obtain the list of the N most

lik ely h yp otheses. T o reduce the computation requiremen ts, the n um b er N

lo cal

of theories

k ept lo cally (i.e. within a w ord) should b e limited. T ypical v alues for N

lo cal

range from

3 to 6. Lik e the lattice algorithm, also the w ord-dep enden t algorithm can b e used either

with total likeliho o d sc oring or with maximum likeliho o d sc oring .

3.3.4 Comparison of the Di�eren t N-Best Algorithms

All the N -b est algorithms presen ted here ha v e di�eren t features and disadv an tages. There-

fore, the optimal algorithm for a giv en task should b e selected according to the require-

men ts of that task. The main features of the di�eren t algorithms are summarised no w:

� Exact N-Best Algorithm: This algorithm requires signi�can tly more computation

that a normal Viterbi searc h. It allo ws to use also total likeliho o d sc oring instead of

maximum likeliho o d sc oring .

� T ree-T rellis Algorithm: This algorithm requires only somewhat more computa-

tion than a normal Viterbi searc h. It �nds the exact list of N -b est h yp otheses and is

recommended if N is not large, since the computation for the bac kw ard tree searc h

is prop ortional to N .

� Lattice Algorithm: This algorithm is the fastest and requires only a little bit more

computation than a normal Viterbi searc h. It migh t miss or underestimate sev eral

h yp otheses but can b e used easily with large v alues for N .

� W ord-Dep enden t Algorithm: This algorithm is a compromise b et w een the exact

and the lattice algorithm. It requires less computation than the exact algorithm while
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still generating a quite accurate list of N -b est h yp otheses [8 ]. Also this algorithm

can b e used easily with large v alues for N .

These N -b est algorithms (except for the tree-trellis algorithm) can b e used either with

maximum likeliho o d sc oring (lik e the Viterbi algorithm) or with total likeliho o d sc oring .

The latter tec hnique leads to somewhat higher recognition rates [8 ].

3.4 Implemen tati on of the T ree-T rellis Algorithm

Muc h of the e�ort that w en t in to this thesis w as sp end on the implemen tation and optimi-

sation of the new HTK to ol HViteN. This program is based on HTK's Viterbi recogniser

HVite and implemen ts the tree-trellis N -b est algorithm. All options o�ered b y the original

HVite program for the forw ard Viterbi searc h ha v e also b een implemen ted in the bac kw ard

N -b est searc h. Sev eral new options are pro vided to con trol the op eration of the tree-trellis

algorithm. Section A.1.1 con tains the user man ual for HViteN.

The mo di�cations of HVite's original forw ard Viterbi searc h, the implemen tation of the

bac kw ard tree searc h and optimisations done to reduce memory and computation require-

men ts are describ ed in the next sections. Con trary to the tree-trellis algorithm describ ed

in Section 3.3.2, the grammar net w ork used b y HTK do es not directly pro vide the neces-

sary grammar no des. A no de in the HTK net w ork corresp onds to a PhoneInstance (i.e.

an HMM or a w ord-b egin or w ord-end no de) and not to a grammar no de b et w een t w o

w ords. Therefore, the predecessor LinkSets of the w ord-b egin or w ord-external no des are

used to hold p oin ters to their rank-ordered predecessor lists generated during the forw ard

searc h.

The basic bac kw ard tree searc h of the tree-trellis algorithm is presen ted in Figure 3.6. Fig-

ure 3.9 giv es a more detailed illustration of the pro cess of extending the bac kw ard partial

paths and merging it with the forw ard partial paths, whic h is also sho wn in Figure 3.5.

\TOS en try" refers here to the b est single w ord extension of the bac kw ard path not y et

p erformed.

3.4.1 Mo di�cations in the F orw ard T rellis Searc h

The original implemen tation of the forw ard Viterbi algorithm based on the tok en passing

paradigm is fully included in HViteN. The generation of the rank-ordered predecessor lists

is added to that algorithm. This mo di�cation mainly concerns the function Propagate-

ExitT ok ens whic h propagate tok ens from w ord-end or w ord-external no des and is executed

once p er time frame. A t the end of PropagateExitT ok ens, all the predecessor LinkSets

that b elong to a w ord-b egin or w ord-external no des whic h got a new tok en passed are

pro cessed. F or eac h of these LinkSets, the scores of the tok ens of the activ e predecessors

are collected in a preliminary list together with p oin ters to the predecessor no des. \Ac-

tiv e" means that the PhoneInstance whic h o wns that tok en is within the b eam width of

the pruned Viterbi searc h. If no bigrammar transition probabilities are used, the transi-

tion log lik eliho o ds are added to the scores in the preliminary list and the list is sorted

according to these new scores. Then, the top N en tries are stored as the rank-ordered

predecessor list for that predecessor LinkSet and time frame ( N is the n um b er of h yp othe-

ses that should b e generated later). In Figure 3.6, these predecessor lists w ere denoted b y
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Figure 3.9: The tree-trellis algorithm: Extending the bac kw ard partial paths b y the b est w ord C and

merging these extended partial paths with the forw ard partial paths.

h ( m ( n ) ; t; j ) and p ( m ( n ) ; j ). If bigrammar transition probabilities are used, the transition

log lik eliho o d can't b e added since it dep ends on the succeeding no de (i.e. w ord) whic h

is not y et kno wn. Therefore, the predecessor list can't b e ordered and all its en tries (not

only the top N ) ha v e to b e stored.

When a net w ork �le is loaded b y HTK, an in ternal represen tation of the net w ork is gen-

erated. T o minimise memory requiremen ts, HTK tries that those no des ha ving the same

set of successors or predecessors also share their successor or predecessor LinkSets (see

Figure 2.9). Since this concept minimises the n um b er of predecessor LinkSets, also the

n um b er of rank-ordered predecessor lists (RankLists) is minimised.

The other imp ortan t mo di�cation in the forw ard Viterbi searc h concerns the HMM state

output probabilities b

j

( o

t

). These probabilities are calculated for all HMMs that are activ e

at the time frame b eing pro cessed. Since the calculation of these probabilities requires a

signi�can t amoun t of computation, they are stored for eac h time frame. Th us, it is not

necessary to recalculate them for the time-rev erse Viterbi searc hes p erformed during the

bac kw ard tree searc h.

Other minor c hanges to the forw ard Viterbi algorithm don't a�ect its basic functioning and

are therefore not rep orted here. The main data structure used b y HViteM is illustrated

in Figure 3.10. nSamples is the n um b er of time frames in the utterance b eing pro cessed

and n umStates the n um b er of states in an HMM. F urther data structures that e.g. allo w

to step easily through all existing No des, HMMs, LinkSets, etc. are not included in this

�gure. It should b e noted that memory is allo cated only for that amoun t of data that

actually will b e stored in a data structure.
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Figure 3.10: The main data structure in HViteN (simpli�ed).
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3.4.2 Implem en tation of the Bac kw ard T ree Searc h

The bac kw ard tree searc h is based on the algorithm sho wn in Figure 3.6. The OPEN and

CLOSED stac k are eac h implemen ted as a c hained list of stac k en tries. The complete

data structure of theses stac ks is illustrated in Figure 3.11. Eac h stac k en try represen ts a

no de n in the bac kw ard searc h tree and corresp onds to the distinct w ord sequence (partial

h yp othesis) of the bac kw ard partial paths stored in the stac k en try . Ev en though the

grammar is represen ted b y a net w ork (and th us can include \lo ops"), the bac kw ard searc h

really is based on a tree with the no des corresp onding to partial h yp otheses (and not to

w ords, lik e in the grammar net w ork).

*openTOS

*closedTOS

. . .

. . .

numEntries-1

nextEntry

0

logprob *node

this score is used

on "open" stack
to sort entries

. . .
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. . .
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numEntries

nextEntry
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*backProb
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last network node in

leading to this stack entry
backward partial path

next best scoring entry
in "open" stack

stack entry from which
this entry was generated

backward partial path
by extending

top entry in "closed" stack

network node to continue
extending backward partial path
when generating new stack entry

scores of
backward partial path

leading to this stack entry
(for all speech frames)

speech frame index at which
backward partial path

entered the last word or node
(for all speech frames)

StackEntry
top entry in "open" stack

(sorted by total path score)
forward and backward partial paths

list of possible combinations of

RankEntry [ ]

Figure 3.11: The complete data structure of the stac k in HViteN.

Nearly all comp onen ts of a Stac kEn try corresp ond directly to the di�eren t v ariables for a

no de n that w ere used in Figure 3.6. I ( n ) is called n umEn tries, i

next

( n ) is called nextEn try

(to b e exact, i

next

( n ) � 1 is stored here) and totalList p oin ts to the arra y con taining

f ( n; i ) and w ( n; i ). The b est w ord extensions are stored in w ( n; i ) as p oin ters to their

net w ork no des. bac kProb p oin ts to the arra y con taining g ( n; t ), while the arra y p oin ted

to b y lastT rans is only needed to b e able to obtain the time-alignmen t when a complete

h yp othesis w as found. The bac kp oin ter to the previous stac k en try is called from and the

p oin ter next is used to c hain the en tries in a stac k. The p oin ter lastNo de p oin ts to the

net w ork no de of the w ord that w as added to the (bac kw ard) partial h yp othesis when this

stac k en try w as generated. T , the n um b er of sp eec h frames in the utterance, is called

nSamples here.

The bac kw ard tree searc h is implemen ted as outlined in Figure 3.6. First, an initial en try is
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generated and put on the OPEN stac k. Then, the b est stac k en try n in OPEN is expanded

b y its b est single w ord extension w

0

and th us the new stac k en try n

0

is generated. This

extension pro cess is rep eated iterativ ely un til all N -b est h yp otheses ha v e b een found or

un til the OPEN stac k is empt y .

The time-rev erse Viterbi searc h used to extend the bac kw ard partial paths b y the b est

single w ord extension w

0

is a complex part in this implemen tation. Lik e the original forw ard

searc h, also this bac kw ard Viterbi searc h is based on the tok en passing paradigm. It is

implemen ted similar to the forw ard searc h and also includes an optional global pruning

threshold to p erform a b eam searc h. F or eac h time frame t , a tok en with the lik eliho o d

score g ( n; t ) is injected to the end of the w ord w

0

and the tok en reac hing the b eginning of

the w ord is stored in g ( n

0

; t ) (arra y bac kProb). The sp eec h frame at whic h it w as injected

in the w ord is stored in the arra y lastT rans. Th us, an explicit calculation of the lik eliho o d

scores c ( n; n

0

; t; t

0

) is not required. The term \w ord" denotes here either a single w ord-

external no de in the net w ork or the complete subnet of w ord-in ternal no des including

the w ord-end and w ord-b egin no des of that subnet. The same transition probabilities for

in ter-no de transitions are used as in the original forw ard Viterbi searc h.

F or eac h time frame t , directly after g ( n

0

; t ) w as calculated, the bac kw ard partial path

ending at t is merged with the forw ard partial paths stored in the rank-ordered predecessor

list ( h ( m ( n ) ; t; j ) and p ( m ( n ) ; j )) generated during the forw ard searc h. A t this p oin t,

also the transition probabilities for the bigrammar case can b e added since no w also the

successor of the last w ord in the forw ard partial path is kno wn (the w ord w

0

). F or eac h

p ossible predecessor of w

0

, the highest com bined lik eliho o d score for a complete path is

determined after all time frames ha v e b een pro cessed. This list of complete path scores

for the di�eren t predecessors is sorted and th us f ( n

0

; i ) and w ( n

0

; i ) (arra y totalList) for

the new stac k en try n

0

are found.

3.4.3 Optimisation of the Impleme n ted Algorithm

The new HTK to ol HViteN, whic h implemen ts the tree-trellis N -b est algorithm, w as

otimised in di�eren t w a ys to increase p erformance and reduce memory requiremen ts.

These optimisations will b e explained no w.

HViteN w orks correct with arbitrary grammar net w orks. But the amoun t of memory

required for the rank-ordered predecessor lists dep ends hea vily on the structure and size

of this net w ork. The di�eren t basic structures of a grammar net w ork are presen ted in

Figure 3.12. They are named after di�eren t concepts for con tin uous sp eec h recogniser

that can't use an arbitrary grammar net w ork [1 , 5 ].

It is ob vious, that the \one pass" net w ork has the lo w est total n um b er of predecessors (4

and 3 from EXIT). If length constrain ts are required, \lev el building" lik e net w orks ha v e

to b e used. In this example, legal sen tences can ha v e 1, 2 or 3 w ords. The \lev el building"

net w orks ha v e a signi�can t higher total n um b er of predecessors (1+3+3 and 9 from EXIT

for V ersion A; 1+4+4 and 3 from EXIT for V ersion B). If EXIT is the global exit no de

of the grammar net w ork, the corresp onding rank-ordered predecessor list is only needed

for the last time frame T while non of the other predecessor lists is needed for T . This

e�ect is used in HViteN to store only the required predecessor lists and nearly halv es the

predecessor list memory requiremen ts for a \one pass" net w ork. Whether v ersion A or

v ersion B of the \lev el building" net w orks requires less memory for the predecessor lists
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Figure 3.12: Basic structures of a grammar net w ork.

dep ends on fact whether EXIT is the global net w ork exit no de or not.

HViteN o�ers also an option to sp ecify the maxim um n um b er of en tries in a rank-ordered

predecessor list man ually . The size of the predecessor lists also dep ends on the b eam width

in the forw ard searc h, since only activ e PhoneInstances lead to an en try in this list. The

searc h b eam width can b e con trolled b y a global pruning threshold. T o main tain an exact

N -b est searc h, all en tries in a predecessor list ha v e to b e stored if bigrammar transition

probabilities are used.

The com bined path scores f ( n; i ) used to order the stac k en tries are the exact scores of

the full paths. Therefore, it is p ossible to limit the n um b er of en tries on the OPEN stac k

to the n um b er of h yp otheses that are still to b e found. The en tries, that are remo v ed from

OPEN in this pro cess, are put on the CLOSED stac k, since they migh t ha v e bac kp oin ters

p oin ting to them. The memory for the arra ys totalList and bac kProb is freed when an

en try is put on the CLOSED stac k, since that information is not required an y longer.

If the time-alignmen t of the generated h yp otheses is not required, it is not necessary to

allo cate memory for the lastT rans arra y in a stac k en try . A sp ecial option in HViteN can

b e used to select this mo de.

Since the com bined path scores f ( n; i ) are exact scores, a newly generated stac k en try

has to ha v e the same score as the stac k en try it w as generated from using the b est single

w ord extension. If this is not the case, the b eam width of a pruned searc h m ust ha v e b een

to small and a w arning is issued. If the new com bined score is lo w er than the old one,

the b eam width of the time-rev erse Viterbi searc h probably w as to o small. Otherwise,

the forw ard Viterbi searc h b eam width probably w as to o small. These w arnings simplify

the pro cess of c ho osing reasonable v alues for the pruning thresholds. If suc h a pruning

w arning has b e issued, it often happ ens that the h yp otheses, whic h are found after the

w arning w as issued, are not an y longer ordered according to their lik eliho o d score. Suc h

hea vy pruning causes the tree-trellis algorithm to lo ose its exactness.

Normally , the lik eliho o d scores in the rank-ordered predecessor lists and in the arra ys



N-Best Algorithms 3.5 Exp erimen tal Results 39

totalList and bac kProb of a Stac kEn try are stored as double (8 b yte) and the times in

the lastT rans arra y of a Stac kEn try are stored as in t (4 b yte). A compile time switc h in

HViteN allo ws to compile a sp ecial v ersion (HViteNm) that uses 
oat (4 b yte) and short

(2 b yte) instead of double and in t for these arra ys. The no w sligh tly reduced accuracy

do es not mak e an y di�erence in practice, while the memory requiremen ts are signi�can tly

reduced (ca. 30% for the predecessor lists).

3.5 Exp erimen tal Results

Sev eral recognition tests under di�eren t circumstances w ere conducted to in v estigate the

p erformance of the new tree-trellis N -b est recogniser HViteN.

In �rst tests, the output of the tree-trellis recogniser w as compared with results from an

earlier and m uc h simpler implemen tation of this algorithm [21]. The same small set of

5 HMMs, the same �xed-length lev el building grammar and the same parameters as in

the earlier tests w ere used. The �rst 20 h yp otheses for 3 di�eren t utterances, whic h w ere

giv en in [21 ], w ere exactly the same as those generated b y HViteN.

The further recognition tests w ere based on the 1000 w ord D ARP A resource managemen t

(RM) corpus and used the HMM sets and grammar net w orks describ ed in Section 2.3.3.

F or all recognition tests rep orted in this c hapter, the original RMTK lexicon of phoneme

transcriptions for the w ords in the RM v o cabulary w as used to generate the grammar

net w orks for the recogniser. The results of these tests are describ ed in Section 3.5.1. In

another thesis, a w ord-dep enden t N -b est algorithm w as implemen ted [14 ]. In Section 3.5.2,

results of recognition tests with these b oth implemen tations are compared.

Also the computation and memory requiremen ts w ere examined in recognition tests on the

RM corpus. The follo wing results w ere obtained using a SUN SP AR Cstation IPX with 32

Mb yte RAM. The w ord-pair grammar and the HMM set \base" w ere used with a pruning

threshold of 200 in the forw ard as w ell as in the bac kw ard searc h. 10 utterances with an

a v erage length of 2.85 sec w ere used here. They w ere randomly selected from the \feb89"

test set. The measured a v erage durations p er utterance for the recognition pro cess are

sho wn in T able 3.1.

Recogniser Mo de CPU Time

forw ard Viterbi searc h only 32.7 sec (100%)

full tree-trellis searc h ( N = 1) 48.7 sec (148%)

full tree-trellis searc h ( N = 10) 58.4 sec (178%)

T able 3.1: Av erage CPU time p er utterance for di�eren t recogniser mo des.

Based on this data, the a v erage durations of the di�eren t phases of the recognition pro cess

w ere calculated. They are sho wn in T able 3.2.

T able 3.2 sho ws, that using HViteN to �nd the b est 15 h yp otheses with the tree-trellis al-

gorithm tak es less than t wice the time the original HVite needs to �nd the �rst h yp otheses

in the forw ard Viterbi searc h. It also illustrates, that a signi�can t amoun t of computation

is needed for the generation of the rank-ordered predecessor lists.

Additionally , ab out 125 sec w ere needed b y HViteN to load the grammar net w ork and the

HMM de�nitions. This data is only loaded once and thereafter, an arbitrary n um b er of
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Recogniser Phase CPU Time

forw ard Viterbi searc h 32.7 sec (100%)

rank-ordered predecessor list generation 14.9 sec (45%)

bac kw ard tree searc h (p er h yp othesis) 1.1 sec (3.3%)

T able 3.2: Av erage CPU time p er utterance for the di�eren t phases in the recognition pro cess.

utterances can b e pro cessed b y HViteN.

The a v erage memory requiremen ts for the di�eren t data structures in HViteN are listed

in T able 3.3. It sho ws, that a large amoun t of memory is required to store the rank-

ordered predecessor lists generated in the forw ard searc h. The memory requiremen t for

these predecessor lists is reduced b y ca. 30% if HViteNm is used instead of HViteN.

Data Structure Size

Net w ork 690 Kb yte

PhoneInstances 1100 Kb yte

Bjot (output probabilities) 210 Kb yte

RankLists ( N = 1) 2340 Kb yte

RankLists ( N = 10) 5380 Kb yte

OPEN stac k ( N = 10) 60 Kb yte

CLOSED stac k ( N = 10) 70 Kb yte

T able 3.3: Av erage memory requiremen ts for the di�eren t data structures in HViteN.

3.5.1 Recognition T ests with the T ree-T rellis Algorithm

T o examine the p erformance of the new tree-trellis N -b est recogniser HViteN, sev eral

recognition tests w ere p erformed. In Figure 3.13, Figure 3.14 and Figure 3.15, the time-

aligned b est 10 h yp otheses are sho wn together with original sp eec h signal for 3 di�eren t

utterances from the test set \feb91". The HMM set \demo" and the w ord-pair grammar

w ere used for this recognition test.

The example in Figure 3.13 sho ws, that the correct h yp otheses on rank 8 is the �rst

h yp otheses in the list that is a correct and meaningful sen tence. This illustrates the basic

idea b ehind the N -b est searc h paradigm. T o implemen t this paradigm, a full grammar

for the RM task could b e used to �nd the �rst \legal" message automatically . Also the

example in Figure 3.14 sho ws, that the correct h yp otheses on rank 2 is the �rst correct

sen tence in this list. In the example in Figure 3.15, the correct h yp otheses is on the �rst

rank and th us w as already found in the forw ard viterbi searc h.

All the three examples giv en here sho w some t ypical prop erties of an N -b est h yp othe-

ses list. One t ypical prop ert y is, that the di�eren t N -b est h yp otheses for an utterance

normally are quite similar. Most of the longer w ords are correctly recognised in all h y-

p otheses and di�erences o ccur only at some p oin ts of the utterance and mainly concern

short w ords. Another prop ert y is, that the a v erage log lik eliho o d scores (p er time frame)

are quite similar for the di�eren t h yp otheses in an N -b est list. F or example in Figure 3.13,

the score di�erence b et w een the 1st and the 8th (correct) h yp othesis is 0.233, whic h is

only ab out 0.3% of the b est score.



N-Best Algorithms 3.5 Exp erimen tal Results 41

0 1 2 t [s]Rank Score

1 -75.974397 DRAW TRACKS OF BERING SEAIN HOOKED PORT

2 -76.114284 DRAW TRACKS OF BERING SEA IS HOOKED PORT

3 -76.118682 DRAW TRACKS FOR BERING SEAIN HOOKED PORT

4 -76.126210 DRAW TRACKS THAT ARE IN HOOKED PORT

5 -76.195072 DRAW TRACKS OF BERING SEA THE HOOKED PORT

6 -76.198541 DRAW TRACKS OF AREA AND IN HOOKED PORT

7 -76.200992 DRAW TRACKS OF BERING SEA OF PORT

8 -76.207323 DRAW TRACKS THAT ARE IN THE HOOKED PORT

9 -76.251078 DRAW TRACKS OF BERING SEA OF HOOKED PORT

10 -76.258569 DRAW TRACKS FOR BERING SEA IS HOOKED PORT

Figure 3.13: First 10 h yp otheses for the utterance jwg0 5 st0580 from test set \feb91". The correct

h yp othesis (rank 8) is mark ed b y an arro w (HMM set: \demo", grammar: w ord-pair).

0 1 2 3 t [s]Rank Score

1 -72.352757 DISPLAY NEW CHART PROJECTION OF SIBERIAN SEA

2 -72.417188 DISPLAY A NEW CHART PROJECTION OF SIBERIAN SEA

3 -72.580626 DISPLAY THE NEW CHART PROJECTION OF SIBERIAN SEA

4 -72.590439 DISPLAY NEW CHART PROJECTION OF SIBERIAN SEA IN

5 -72.637143 DISPLAY AND THE CHART PROJECTION OF SIBERIAN SEA

6 -72.654870 DISPLAY A NEW CHART PROJECTION OF SIBERIAN SEA IN

7 -72.667668 DISPLAY A CHART PROJECTION OF SIBERIAN SEA

8 -72.703517 DISPLAY NEW CHART PROJECTION OF SIBERIAN SEA EIGHT

9 -72.738158 DISPLAY NEW CHART PROJECTION OF SIBERIAN SEA EIGHTH

10 -72.752095 DISPLAY NEW CHART PROJECTION OF A SIBERIAN SEA

Figure 3.14: First 10 h yp otheses for the utterance eac0 2 st1261 from test set \feb91". The correct

h yp othesis (rank 2) is mark ed b y an arro w (HMM set: \demo", grammar: w ord-pair).
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0 1 2 3 t [s]Rank Score

1 -83.369543 IS RECLAIMER+S AVERAGE CRUISING SPEED LESS THAN DALE+S

2 -83.394580 IS RECLAIMER IS THE AVERAGE CRUISING SPEED LESS THAN DALE+S

3 -83.410014 IS RECLAIMER ASTHE AVERAGE CRUISING SPEED LESS THAN DALE+S

4 -83.516493 IS RECLAIMER+S AVERAGE CRUISING SPEED LESS THAN BIDDLE+S

5 -83.527835 IS RECLAIMER ATTHE AVERAGE CRUISING SPEED LESS THAN DALE+S

6 -83.541530 IS RECLAIMER IS THE AVERAGE CRUISING SPEED LESS THAN BIDDLE+S

7 -83.556965 IS RECLAIMER ASTHE AVERAGE CRUISING SPEED LESS THAN BIDDLE+S

8 -83.573050 GET RECLAIMER+S AVERAGE CRUISING SPEED LESS THAN DALE+S

9 -83.577023 IS RECLAIMER THE AVERAGE CRUISING SPEED LESS THAN DALE+S

10 -83.584343 IS RECLAIMER+S AVERAGE CRUISING SPEED AS THE DALE+S

Figure 3.15: First 10 h yp otheses for the utterance alk0 3 st0428 from test set \feb91". The correct

h yp othesis (rank 1) is mark ed b y an arro w (HMM set: \demo", grammar: w ord-pair).

T o compare the results of recognition tests with di�eren t HMM sets and grammars, the cu-

m ulativ e distribution of the rank of the correct h yp othesis w as in v estigated. In Figure 3.16,

the t w o a v ailable HMM sets are compared. In b oth cases, the w ord-pair grammar w as

used and the 300 utterances in the test set \feb91" w ere tested. The �gure sho ws, that

the HMM set \demo" (ab out 2300 con text dep enden t HMMs for the 47 phonemes plus 2

silence mo dels) as exp ected o�ers a signi�can tly higher recognition rate than the HMM

set \base" (49 con text indep enden t HMMs for the 47 phonemes plus 2 silence mo dels).

In Figure 3.17, results of recognition tests ar sho wn for the t w o HMM sets b eing used

together with a simple net w ork that do es not include grammar constrain ts. As a reference,

the cum ulativ e distributions from Figure 3.16 are included here. This �gure sho ws clearly

the adv an tages of a searc h constrained b y a grammar. The distributions sho wn in this

graph also indicate, that a lo w initial recognition error rate (at the �rst h yp othesis) results

in a faster reduction of this error rate for a increasing n um b er N of h yp otheses that a higher

initial error rate.

In Figure 3.18, the cum ulativ e distribution of the rank of the correct h yp otheses is com-

pared for the four a v ailable test sets. The w ord-pair grammar and the HMM set \demo"

w as used for this tests. Also the a v erage distribution for all test sets is included in this

graph. The cum ulativ e distributions for the four test sets are, as exp ected, quite similar.

The pruning thresholds for these recognition tests w ere c hosen to mak e the b eam width

as wide as p ossible on the a v ailable hardw are. Only for a few p ercen t of the utterances,

pruning w arning messages w ere issued during the generation of the b est 30 h yp otheses.

And except some v ery few exceptions (in Figure 3.18), all utterances in the test sets could

b e pro cessed with the c hosen pruning lev els on the a v ailable hardw are.
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HMM set:   "demo" (-)   "base" (- -)

HMM set \demo": 68.0% (top 1), 94.3% (top 30) HMM set \base": 36.7% (top 1), 77.7% (top 30)

Figure 3.16: Recognition test results for the t w o di�eren t HMM sets \demo" and \base" (test set: \feb91"

(300 utterances), grammar: w ord-pair).
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HMM set:   "demo" (-)   "base" (- -)

word-pair grammar

no grammar

HMM set \demo": 12.3% (top 1), 53.7% (top 100) HMM set \base": 3.3% (top 1), 17.0% (top 100)

(The results using the w ord-pair grammar are the same as in Figure 3.16)

Figure 3.17: Recognition test results using the w ord-pair grammar and no grammar for b oth HMM sets

\demo" and \base" (test set: \feb91" (300 utterances)).
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test sets:   all (-)   "feb89", "oct89", "feb91", "sep92" (- -)

all test sets (total 1195 utterances used): 60.5% (top 1), 92.0% (top 30)

\feb89" (298 utt.): 64.8% (top 1), 94.6% (top 30) \o ct89" (300 utt.): 58.7% (top 1), 91.3% (top 30)

\feb91" (300 utt.): 67.7% (top 1), 93.7% (top 30) \sep92" (297 utt.): 50.8% (top 1), 88.2% (top 30)

Figure 3.18: Recognition test results for the four di�eren t test sets (HMM set:\demo", grammar: w ord-

pair, stronger pruning than in Figure 3.16).

3.5.2 Comparison of the T ree-T rellis and the W ord-Dep enden t Algo-

rithm

In another thesis, a w ord-dep enden t N -b est algorithm w as implemen ted [14 ]. Also this

implemen tation w as based on HTK. Recognition test results for these b oth implemen ta-

tions are sho wn in Figure 3.19. In b oth cases, the w ord-pair grammar together with the

HMM set \demo" w as used. T est results for the w ord-dep enden t algorithm w ere only

a v ailable for 188 of the 300 utterances in test set \sep92". T o main tain comparabilit y , the

same set of 188 utterances w ere tested with the tree-trellis algorithm here. Although total

lik eliho o d scoring w as used with the w ord-dep enden t algorithm, b oth algorithms giv e v ery

similar results. The sligh tly lo w er p erformance of the w ord-dep enden t algorithm for large

v alues of N (e.g. N = 30) is probably caused b y the fact, that only 3 lo cal theories in the

w ord-dep enden t algorithm w ere used in this test.

3.6 Discussion

In this c hapter, di�eren t N -b est algorithms w ere describ ed and compared. The implemen-

tation of the tree-trellis N -b est algorithm based on HTK's original Viterbi recogniser w as

explained and recognition test results w ere presen ted.

This new N -b est recogniser HViteN has sho wn to b e a v ersatile and e�cien t new to ol for

the HTK system. Due to the large memory requiremen ts of the tree-trellis algorithm, the

implemen tation w as optimised in di�eren t w a ys. Recognition tests on the RM corpus using
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algorithm:   tree-trellis (-)   word-dependent (- -)

\tree-trellis": 50.0% (top 1), 85.1% (top 30) \w ord-dep end en t ": 50.0% (top 1), 82.4% (top 30)

Figure 3.19: Comparison of the tree-trellis algorithm and the w ord-dep enden t algorithm (test set:

\sep92" (188 utterances used), HMM set: \demo", grammar: w ord-pair).

the w ord-pair grammar and the adv anced HMM set \demo" w ere p ossible and ga v e the

exp ected results. But the generation of N = 30 h yp otheses required nearly all memory

resources of the a v ailable hardw are when t ypical v alues for the pruning threshold w ere

used. The largest part of the memory w as required for the rank-ordered predecessor lists

generated during the forw ard searc h. This sho ws, that it is w orth to sp end the signi�can t

amoun t of computation needed to generate and sorting these lists, since the rank-ordering

allo ws to limit the size of a list to N en tries.

An option is pro vided to limit the size of these lists ev en further, but then the correctness

of this algorithm is not an y longer guaran teed. Nev ertheless, the probabilit y , that this

appro ximation causes errors in the generated N -b est list, can b e v ery lo w. The decision,

to whic h degree suc h errors can b e tolerated, dep ends v ery m uc h on the sp eci�c application.

Therefore, the e�ects of suc h appro ximations w ere not examined in detail in this theses.



Chapter 4

Automatic Lexicon Generation

In this c hapter, concepts for the automatic generation of the lexicon required b y a sub-w ord

based sp eec h recogniser are presen ted. A mo di�ed v ersion of the tree-trellis algorithm

is used as the base for the automatic lexicon generation tec hniques studied here. Its

implemen tation is describ ed and di�eren t extensions to the lexicon generation pro cess

are explained. Finally , the p erformance of di�eren t automatically generated lexica is

examined.

4.1 In tro duction

In a sub-w ord based sp eec h recogniser, a lexicon con taining the transcriptions in terms

of basic recognition units for eac h w ord in the v o cabulary is required. This lexicon is

normally generated using a pron unciation dictionary or b y an exp erienced phonetician.

Th us, it is an imp ortan t exception from the concept, that the parameters sp ecifying an

HMM based recogniser are optimised in training pro cedures.

Di�eren t metho ds for the automatic generation of lexicon en tries ha v e b een prop osed

[15 , 16 , 17, 18, 19 ]. These metho ds try to �nding the optimal lexicon en try for a w ord.

The sp elling of the w ord as w ell as training utterances of the w ord can b e utilised in

this pro cess. Commonly , the most lik ely transcription

^

W of a w ord is assumed to b e the

optimal en try for that w ord. The pro cess of �nding this transcription can b e summarised

as

^

W = arg max

W

P [ W j O ; S ] ; (4.1)

where S is the sp elling of the w ord and O denotes observ ed training utterances of the

w ord. Using Ba y es' rule, P [ W j O ; S ] can b e rewritten as

P [ W j O ; S ] =

P [ W ; O ; S ]

P [ O ; S ]

=

P [ O j W ; S ] P [ W j S ] P [ S ]

P [ O ; S ]

: (4.2)

It is common to assume, that the sp elling S and the observ ed utterances O indep enden tly

con tribute information ab out the most lik ely transcription

^

W . With S and O b eing

statistically indep enden t no w, Equation 4.2 can b e written as

P [ W j O ; S ] =

P [ O j W ] P [ W j S ] P [ S ]

P [ O ] P [ S ]

=

P [ O j W ] P [ W j S ]

P [ O ]

: (4.3)

46
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Since P [ O ] do es not dep end on W , Equation 4.1 can no w b e written as

^

W = arg max

W

P [ O j W ] P [ W j S ] : (4.4)

Di�eren t metho ds can b e used to �nd the probabilit y P [ W j S ] of a transcription giv en the

sp elling of the w ord. In [16 , 18 ], probablistic sp elling-to-sound rules w ere automatically

deriv ed using an a v ailable lexicon of pron unciations. In [19 ], the text-to-sound rules of the

DECtalk sp eec h syn thesiser w ere used together with phoneme confusion matrix. In this

thesis, the sp elling of a w ord is not tak en in to accoun t in the automatic generation of a

new lexicon en try . Th us, P [ W j S ] do es not dep end on W and can therefore b e ignored in

the maximisation in Equation 4.4.

A v arying n um b er K of training utterances of the w ord can b e tak en in to accoun t in the

lexicon generation pro cess. If no utterances ( K = 0) are utilised, P [ O j W ] is 1 and can b e

ignored in Equation 4.4. Then, the new transcription dep ends only on the w ord's sp elling.

If a set of K training utterances O

k

( k = 1 ; 2 ; : : : ; K ) is utilised, the probabilit y P [ O j W ]

can b e calculated as

P [ O j W ] =

K

Y

k =1

P [ O

k

j W ] (4.5)

The probabilities P [ O

k

j W ] can b e calculated using an HMM based sp eec h recogniser.

Since the log lik eliho o d log P [ O

k

] of an observ ation O

k

is in a v erage prop ortional to the

length T

k

of that observ ation, also another w a y to com bine the probabilities P [ O

k

j W ] w as

in v estigated in this thesis. The com bined log lik eliho o d score

log P

r

[ O j W ] =

 

K

X

k =1

T

k

!

K

X

k =1

1

T

k

log P [ O

k

j W ] (4.6)

w as used here to comp ensates this length dep endency . This causes a short utterance to

ha v e the same in
uence on the lexicon en try b eing generated as a long utterance. The

com bined lik eliho o d score in Equation 4.5 giv es longer utterances a higher in
uence than

shorter ones.

T o implemen t the maximisation in Equation 4.4, the follo wing metho d can b e used: First,

the sp elling of a giv en w ord is used to generate a grammar net w ork that represen ts the

lik eliho o d P [ W j S ] of the di�eren t p ossible transcriptions of that w ord. Then, a searc h

algorithm is used to �nd the most lik ely transcription based on this net w ork and the

training utterances O . This searc h is quite similar to the searc h in a normal sp eec h

recogniser. The main di�erence is, that no w not only a single utterance O but a set of K

utterances O

k

has to b e tak en in to accoun t. In Section 4.2, an e�cien t implemen tation

of this searc h is describ ed. It is based on a mo di�ed v ersion of the tree-trellis algorithm

presen ted in Chapter 3.

Un til no w, a deterministic w ord lexicon w as assumed. Suc h a lexicon con tains a single

transcription for eac h w ord in the v o cabulary . But also a statistical w ord lexicon can b e

used in a sp eec h recogniser. An en try for a w ord in suc h a lexicon con tains a represen tation

of the probabilities if the di�eren t p ossible pron unciations (transcriptions) of that w ord.

The simplest form of suc h an en try is a list of p ossible transcriptions of the w ord. A net w ork

with sp eci�ed transition probabilities can b e used as a more adv anced represen tation. It

can b e seen as an HMM of the whole w ord with the mo dels for the basic recognition units

b eing the states of this HMM. T o estimate the transition probabilities in the whole-w ord
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HMM, giv en P [ W j S ] and a set of K training utterances O

k

, tec hniques similar to the

common Baum-W elc h reestimation or simpler appro ximations could b e used [17 ]. The

use of a statistical lexicon can lead to signi�can tly increased computation and memory

requiremen ts.

If the sub-w ord units used in a sp eec h recogniser are not based on linguistic units lik e

phonemes or syllables, the lexicon can not b e generated man ually and automatic lexicon

generation tec hniques are indisp ensabl e. Di�eren t suc h tec hniques are in v estigated in [17 ],

where acoustic sub-w ord units are emplo y ed.

4.2 The Mo di�ed T ree-T rellis Algorithm

Commonly , a tree searc h algorithm is used to �nd the b est transcription

^

W according

to Equation 4.4. This searc h migh t b ecome quite complex, esp ecially if a large n um b er

K of training utterances is used. In [15 ], the use of a mo di�ed tree-trellis algorithm w as

prop osed to optimise this searc h pro cess.

The mo di�ed tree-trellis algorithm is v ery similar to the original algorithm describ ed in

Section 3.3.2. A h yp othesis is no w seen as transcription consisting of sev eral phones and

not as a sen tence consisting of sev eral w ords, but this is only a di�erence in terminology and

not in the algorithm itself. The mo di�ed algorithm di�ers in t w o places from the original

algorithm. The �rst di�erence concerns the di�eren t arra ys used b y the original tree-trellis

algorithm. T o accommo date the K utterances, they are extended b y one dimension with

the index k . The rank-ordered predecessor lists p ( m ( n ) ; j; k ) and h ( m ( n ) ; t; j; k ) (ha ving

J ( m ( n ) ; k ) en tries) are generated indep enden tly for eac h of the K utterances b y K runs

of the forw ard Viterbi searc h. Also in a stac k en try n , the rank-ordered lists of p ossible

phone extensions w ( n; i; k ) and f ( n; i; k ) (ha ving I ( n; k ) en tries) as w ell as the arra ys

g ( n; t; k ) for the lik eliho o d scores of the bac kw ard partial paths are k ept separate for the

K utterances.

The second di�erence concerns the arra y

^

f ( n; i ), whic h is used to sort the en tries on the

OPEN stac k exactly in the same w a y as f ( n; i ) w as used in the original algorithm.

^

f ( n; i )

con tains the estimated com bined lik eliho o d scores for the complete paths for the I ( n )

p ossible phone extensions w ( n; i ). It is calculated at the end of the pro cess of gro wing

a new stac k en try n

0

b y expanding the curren t top en try n in the OPEN stac k b y the

single phone w

0

= w ( n; i

next

( n )). In this pro cess, �rst time-rev erse Viterbi searc hes for

the phone w

0

are p erformed indep enden tly for the K utterances and th us g ( n

0

; t; k ) is

calculated for k = 1 ; 2 ; : : : ; K and t = 0 ; 1 ; : : : ; T

k

. Then, the forw ard and bac kw ard

partial paths are merged indep enden tly for the K utterances and th us the arra ys f ( n

0

; i; k )

and w ( n

0

; i; k ) are generated as in the original algorithm. No w, the phone extensions

w ( n

0

; i; k ) that are p ossible for al l K utterances are collected in the new list w ( n

0

; i ). The

corresp onding lik eliho o d scores

^

f ( n

0

; i ) are found b y com bining the scores f ( n

0

; i; k ) of that

phone extension. As men tioned in Section 4.1, t w o alternativ e form ulas (Equation 4.5 and

Equation 4.6) can b e used to �nd this com bined score.

As denoted b y the \hat" on

^

f ( n; i ), the scores used to order the stac k en tries on OPEN

are no w estimates and not exact v alues as in the original algorithm. This is caused b y

the fact, that the b est forw ard partial paths used in the merging pro cess migh t b e based

on di�eren t partial h yp otheses for the di�eren t utterances. The �nal h yp othesis with

the highest com bined lik eliho o d score can ha v e a forw ard partial h yp othesis that for an
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utterance k can b e di�eren t from the forw ard partial h yp othesis that lead to the lik eliho o d

score stored in the rank-ordered predecessor lists. Since alw a ys the highest lik eliho o d score

is stored in the predecessor lists, the score, whic h actually has to b e used later, can not

b e higher. Therefore, the estimate

^

f ( n; i ) is an upp er b ound for the actual score f ( n; i ) of

the complete h yp othesis consisting of the bac kw ard partial h yp othesis represen ted b y the

stac k en try n com bined with the b est forw ard partial h yp othesis. Th us the admissibility of

the bac kw ard A* tree searc h is giv en. As long as no metho d to calculate a b etter estimate

^

f is found, this A* searc h can also b e called optimal .

Although it is no problem for this mo di�ed tree-trellis algorithm to generate the list of

N -b est h yp otheses, normally only the �rst b est h yp othesis generated in the bac kw ard

searc h is required in the lexicon generation pro cess.

4.2.1 Implem en tation of the Mo di�ed T ree-T rellis Algorithm

The new HTK to ol HViteM is an implemen tation of the mo di�ed tree-trellis algorithm

describ ed in Section 4.2. It is based on the tree-trellis N -b est recogniser HViteN describ ed

in Section 3.4 and can tak e in to accoun t m ultiple utterances in the searc h for the b est

h yp othesis. Section A.1.2 con tains the user man ual for HViteM.

Most of the mo di�cations in the forw ard Viterbi searc h of HViteN are necessary to accom-

mo date the K di�eren t utterances used no w. When HViteM is in v ok ed, a list of sp eec h

�les has to b e sp eci�ed. These sp eec h �les are regarded as separate utterances and loaded

in to an in ternal bu�er. It is also p ossible to sp ecify time-aligned lab el �les for the sp eec h

�les together with the name of a lab el. In this case, all the sp eec h �le segmen ts lab eled

with the giv en name are extracted and no w these segmen ts are regarded as separate ut-

terances. Th us, all tok ens of a w ord can b e extracted as separate utterances from a set

of sp eec h �les if time-aligned w ord lab el �les are a v ailable and the name of the w ord is

sp eci�ed.

After all utterances are loaded, a forw ard Viterbi searc h is p erformed individuall y for eac h

of these K utterances. During suc h a forw ard searc h, also the rank-ordered predecessor

lists p ( m ( n ) ; j; k ) and h ( m ( n ) ; t; j; k ) are generated for the curren t utterance. This searc h

and the predecessor list generation is implemen ted exactly in the same w a y as in HViteN.

When all the individual forw ard trellis searc hes are �nished, a common bac kw ard tree

searc h is initiated. This searc h is an extended v ersion of the bac kw ard tree searc h imple-

men ted in HViteN. The pro cess of generating a new stac k en try n

0

b y expanding the top

en try n in the OPEN stac k b y its b est single phone extension w

0

no w has to tak e in to

accoun t all K utterances. First, the bac kw ard partial paths are indep enden tly extended

b y the phone w

0

for eac h of the K utterances using the same implemen tation of the time-

rev erse Viterbi searc h as in HViteN. Th us, g ( n

0

; t; k ) is calculated for k = 1 ; 2 ; : : : ; K

and t = 0 ; 1 ; : : : ; T []

k

. Then, the lists of the p ossible predecessors w ( n

0

; i; k ) together with

their complete path scores f ( n

0

; i; k ) are generated individuall y for eac h utterance k b y

the same merging tec hnique as in HViteN. But no w, all (and not only the top N ) en tries

are main tained.

A t the end of the pro cess of generating a new stac k en try n

0

, the complete path scores

f ( n

0

; i; k ) for the K utterances are com bined to calculate the estimated score

^

f ( n

0

; i ) of the

complete h yp otheses for the p ossible predecessors w ( n

0

; i ). Normally , Equation 4.5 is used

to calculated the com bined score

^

f ( n

0

; i ). HViteM pro vides an option to use Equation 4.6
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instead of Equation 4.5 to calculate

^

f ( n

0

; i ). The tec hnique of sorting the en tries on the

OPEN stac k and marking the already extended predecessors in a stac k en try n using

i

next

( n ) is implemen ted as in HViteN.

The memory for the di�eren t data structures is allo cated individuall y for eac h utterance,

th us minimising memory requiremen ts. Besides the data structures directly needed in the

mo di�ed tree-trellis algorithm, also the HMM state output probabilities b

j

( o

t

) are stored

individual ly for the K utterances. The complete data structure of HViteM is not sho wn

here, since it is v ery similar to the data structure of HViteN sho wn in Figure 3.10 and

Figure 3.11. The p oin ters lists in RankInfo and xb jot in XInfo (Figure 3.10) no w p oin t

to arra ys con taining K p oin ters to the actual data structures RankList[ ] and Bjot[ ] for

the di�eren t utterances. The same is done with the p oin ters bac kProb and lastT rans in

Stac kEn try (Figure 3.10). In Stac kEn try , also a p oin ter to an arra y of K p oin ters to

RankEn try[ ] data structures is added. They are used to store f ( n; i; k ) and w ( n; i; k ).

The arra y RankEn try[ ] p oin ted to b y the p oin ter totalList in a Stac kEn try is no w used

to store

^

f ( n; i ) and w ( n; i ).

This implemen tation of the mo di�ed tree-trellis algorithm can also b e used to �nd the N

h yp otheses with the highest com bined lik eliho o d score, but normally N is set to 1 and

only the b est h yp othesis is generated.

HViteN o�ers nearly all the options that are pro vided b y HViteN. Only the demo mo de

and the generation of an output Master Lab el File (MLF) are not supp orted an y longer.

On the other hand, sev eral new options ha v e b een added to con trol the op eration of the

mo di�ed tree-trellis algorithm. Di�eren t from HViteN, where the tree-trellis algorithm

w as executed for eac h of the sp eec h �les sp eci�ed, HViteM only executes the mo di�ed

tree-trellis algorithm once for all the utterances loaded.

4.2.2 Optimisation of the Impleme n ted Algorithm

All the optimisations of HViteN describ ed in Section 3.4.3 are also included in the im-

plemen tation of the mo di�ed tree-trellis algorithm. The n um b er of en tries stored in the

rank-ordered predecessor lists is not an y longer limited to N , but an option to sp ecify

the maxim um n um b er of en tries man ually is pro vided. Since the scores used to sort the

stac k en tries on OPEN are not an y longer exact v alues but estimates, more than N en tries

migh t b e required on the OPEN stac k. Therefore, also the maxim um n um b er of en tries

on OPEN can b e sp eci�ed man ually . The en tries remo v ed from OPEN b ecause of this size

limit are mo v ed to the CLOSED stac k. A v ariable

f

CLOSED

= max

n on CLOSED

^

f ( n; i

next

( n )) ; (4.7)

con taining the highest score of a not y et p erformed expansion for the en tries put on

CLOSED, is main tained. If the score

^

f ( n; i

next

( n )) of the top en try on OPEN b ecomes

smaller than f

CLOSED

, the size of the OPEN stac k is to small. In this case, an en try whic h

is no w already put on CLOSED w ould normally ha v e b een expanded next. Because of

this fact, it is not an y longer guaran teed that the bac kw ard A* tree searc h will �nd the

correct h yp othesis and therefore, a w arning message is issued.

T o minimise the size of the CLOSED stac k, a garbage collection for the CLOSED stac k

is executed p erio dically ev ery 10th stac k en try expansion. During this garbage collec-

tion, all en tries that are used in bac kp oin ter c hains starting in an y of the en tries on the
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OPEN stac k are mark ed. All the en tries that remained unmark ed are completely remo v ed

from CLOSED since they will nev er b e used in a bac kp oin ter c hain when �nally the b est

h yp othesis is traced bac k through the stac k en tries.

4.3 The Lexicon Generation Pro cess

The whole pro cess of generating a new optimal lexicon for a sub-w ord based recogniser

includes some additional problems b esides the searc h for the most lik ely transcription of

a w ord as de�ned b y Equation 4.4. In this section, these additional problems as w ell

as di�eren t appro ximations to reduce to complexit y of the searc h for the most lik ely

transcription will b e addressed.

4.3.1 Ov erview of the Lexicon Generation Pro cess

T o giv e an o v erview of the automatic lexicon generation pro cess, its data
o w is sho wn

in Figure 4.1. This diagram illustrates the in terdep endencies b et w een the di�eren t data

bases for the pro cesses of HMM training and lexicon generation. It also sho ws the need

for a w ord lev el segmen tation (a time-aligned w ord lab el �le) of the training utterances.

This segmen tation is needed to b e able to extract the di�eren t tok ens of a w ord from the

training utterances, since it is common to use e.g. whole sen tences as training utterances

in a con tin uous sp eec h recogniser.

F or the training utterances used here, only orthographic transcription w ere a v ailable. The

time-aligned w ord lab el �les w ere obtained automatically using HAlignW, a sp ecial v ersion

of HTK's recogniser HVite. The net w ork used b y HAlignW is generated automatically b y

concatenating the lexicon en tries of the w ords in utterance and inserting optional silence

mo dels b et w een the w ords. HAlignW is a sligh tly mo di�ed v ersion of HTK's original

HAlign to ol. The mo di�cations w ere necessary since HAlign only generates a phone lev el

lab el �le and not a w ord lev el lab el �le. The optional silence mo dels w ere not concerned

as a part of a w ord here, although they are normally included in the subnet for a w ord

(see Figure 2.7 and Figure 2.8). Section A.1.3 con tains the user man ual for HAlignW.

Since the optimal HMM parameters dep end on the lexicon (it is needed during the em b ed-

ded HMM reestimation) as w ell as the optimal lexicon dep ends on the HMM parameters,

a join t optimisation of the HMMs and the lexicon could b e adv an tageous. It could b e

implemen ted b y alternately reestimating the HMM parameters and generating a new lex-

icon.

In this thesis, the sp elling S w as not used as a an information source in the searc h for the

most lik ely transcription

^

W . Therefore, a simple net w ork allo wing arbitrary com binations

of the 47 di�eren t phonemes w as used:

$phn = (ax|ey| ... |dh);

(<$phn>)

This \one pass" lik e net w ork results in nearly equal a priori probabilities P [ W ] for the

di�eren t transcriptions W if the default transition probabilit y in Equation 2.40 is used.
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HMM Set Lexicon
Training

Utterances
(incl. Word-level
Transcriptions)

Word-level
Segmentation

(HERest)

Training
HMM Word-level

Alignment

(HAlignW)

Lexicon
Generation

(HViteM)

Figure 4.1: Data
o w in the automatic lexicon generation pro cess.

T o b e precise, this probabilit y is

P [ W ] =

�

M

M + 1

�

L ( W ) � 1

1

M + 1

; (4.8)

where M is the n um b er of di�eren t phonemes (here M = 47) and L ( W ) is the n um b er of

phonemes is transcription W .

An imp ortan t problem in the automatic lexicon generation pro cess is the selection of

training tok ens. The n um b er of training tok ens as w ell as their selection b oth ha v e a

signi�can t in
uence on the searc h for the most lik ely transcription. It is ob vious that

an increased n um b er of training tok ens results in a more reliable new transcription |

simply b ecause of the increased amoun t of information b eing tak en in to accoun t. But

on the other hand, this increases also the complexit y of the searc h for the most lik ely

transcription. In �rst exp erimen ts, where simply all a v ailable training tok ens w ere used,

the this searc h w as in sev eral cases (i.e. for sev eral w ords) to o complex for the a v ailable

hardw are. Therefore, di�eren t tec hniques for the preselection of training tok ens w ere used

and also appro ximations in the searc h pro cess w ere in v estigated.

4.3.2 Extensions to the Mo di�ed T ree-T rellis Algorithm

The implemen tation HViteM of the mo di�ed tree-trellis algorithm describ ed in Section 4.2

w as extended in di�eren t w a ys to allo w tec hniques for the preselection of training tok ens

to b e used.

The �rst extension is a new option whic h allo ws to sp ecify the maxim um n um b er of tok ens

b eing loaded. If no w ord lab el is sp eci�ed, a whole sp eec h �le is regarded as a tok en (see

Section 4.2.1). The tok ens are loaded from the sp eec h �les in the order these �les app ear

in the sp eec h �le list. When the sp eci�ed n um b er of tok ens is loaded or all listed sp eec h

�les are pro cessed, the loading pro cess is terminated and then the mo di�ed tree-trellis

searc h is p erformed as usual.
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Another option allo ws to sp ecify a �le con taining a list of tok en indices. The tok ens are

simply indexed b y the order in whic h they normally w ould ha v e b een loaded. This option

allo ws to use an arbitrary subset of the a v ailable training tok ens for a w ord. It is needed

when a preselection of training tok ens is done. This option can b e used together with the

option sp ecifying the maxim um n um b er of tok ens to load.

As a base for the preselection of training tok ens or for the estimation of the most lik ely

transcription, a list con taining the N -b est transcriptions and their a v erage log lik eliho o d

scores p er time frame for eac h of the training tok ens of a w ord is used in this thesis. T o

simplify the generation of this list, HViteM w as extended in suc h a w a y , that the bac kw ard

tree searc h is not p erformed commonly for all tok ens but that a separate bac kw ard tree

searc h is p erformed for eac h of the loaded training tok ens. Th us, the normal (unmo di�ed)

tree-trellis searc h is p erformed individually for eac h tok en. This sp ecial op eration mo de

of HViteM is con trolled b y an option. The main remaining di�erence to HViteN is the

metho d in whic h the tok ens are loaded.

It is also p ossible to disable the bac kw ard tree searc h completely . If this option is used,

only the separate forw ard Viterbi searc hes are p erformed for the loaded tok ens. It is mainly

in tended to pro vide an easy means of calculating the lik eliho o d scores of the loaded tok ens

of a w ord and is normally used with a net w ork that represen ts a sp eci�c transcription of

that w ord.

4.3.3 Preselection of T raining T ok ens

The need for a preselection of training tok ens arises mainly from problems with the com-

plexit y of the searc h for the most lik ely transcription. The simplest w a y to preselect

training tok ens is to randomly c ho ose a �xed n um b er of tok ens. This is implemen ted here

b y randomly scram bling the sp eec h �le list (the list of all training utterances) and then

limiting the n um b er of tok ens loaded b y HViteM. But ev en if a set of only 10 tok ens w as

used, the resulting searc h w as in sev eral cases (ab out 10% of the w ords, see Section 4.4.1.2)

still to o complex for the a v ailable hardw are. This can e.g. happ en if the tok ens represen t

quite di�eren t pron unciations of the same w ord.

T o a v oid this problem, di�eren t tok en clustering algorithms w ere emplo y ed to �nd the

biggest cluster con taining the tok ens that represen t the most common pron unciation of a

w ord. These clustering algorithms are based on the individual ly most lik ely transcriptions

of the di�eren t tok ens of a w ord. Di�eren t p ossible clustering metho ds will b e describ ed

in this section.

In the lexicon generation pro cess discussed here, it is assumed that an initial (man ually

generated) lexicon is a v ailable. This lexicon is e.g. needed to train the HMMs b y em b edded

reestimation. It can also b e used to select w ords whic h migh t b e excluded from the lexicon

generation. W ords with long transcriptions (e.g. more than 10 phonemes) in this original

lexicon migh t b e excluded, since they are more unlik ely to b e misrecognised than shorter

w ords. Excluding them can also b e adv an tageous, since the complexit y of the bac kw ard

tree searc h normally increase exp onen tially with the length of a w ord and its transcription.

It is also reasonable to sp ecify a minim um n um b er of training tok ens for w ords to b e

included in the lexicon generation pro cess. If the automatically generated lexicon en try

for a w ord is based only on a few training tok ens of that w ord, the new transcription migh t

not b e v ery reliable and can e.g. represen t an un t ypical pron unciation. The turno v er p oin t
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at whic h the automatically generated lexicon starts to p erform b etter than original lexicon

seems to b e at sligh tly under 10 tok ens (assuming that they are randomly c hosen) [15 ,

p. 16]. The results obtained in this thesis con�rm this observ ation. Th us, it is reasonable

to include only the tok ens with e.g. at least 10 a v ailable training tok ens in the lexicon

generation pro cess.

Since the pron unciation of a w ord migh t dep end on its adjacen t w ord in the sen tence, it

could also b e adv an tageous to ensure that a set of training tok ens is used whic h represen t

the t ypical v ariet y of adjacen t w ords. But this e�ect w as not tak en in to accoun t in this

thesis.

In the follo wing, di�eren t metho ds for the preselection of training tok ens based on clus-

tering tec hniques will b e discussed.

4.3.3.1 The String Distance Measure

The clustering tec hniques used here are based on the N -b est transcriptions for eac h indi-

vidual tok en of a w ord. These transcriptions are regarded as a string of phonemes here.

T o b e able to cluster these transcriptions, a string distance measure is required. Here, the

Lev ensh tein distance is used whic h sets the costs of deletions, substitutions and insertions

uniformly to 1. This distance can b e calculated b y a string matc hing pro cess based on

dynamic programming [15 , 20 ].

The distance d ( A; B ) b et w een the t w o strings A = f a

1

; a

2

; : : : ; a

I

g and B = f b

1

; b

2

; : : : ; b

J

g

is the minim um cost of a transformation that con v erts A in to B . Using the sub-strings

A

i

= f a

1

; a

2

; : : : ; a

i

g and B

j

= f b

1

; b

2

; : : : ; b

j

g , it can b e computed iterativ ely . Starting

from the empt y sub-strings A

0

and B

0

with

d ( A

0

; B

0

) = 0 ; (4.9)

the follo wing three basic transformation steps are p ossible to con v ert A in to B :

Deletion: The cost of deleting a is D ( a )

d

D

( A

i

; B

j

) = d ( A

i � 1

; B

j

) + D ( a

i

) ; 1 � i � I ; 0 � j � J : (4.10)

Substitution: The cost of substituting a b y b is S ( a; b )

d

S

( A

i

; B

j

) = d ( A

i � 1

; B

j � 1

) + S ( a

i

; b

j

) ; 1 � i � I ; 1 � j � J : (4.11)

Deletion: The cost of inserting b is I ( b )

d

I

( A

i

; B

j

) = d ( A

i

; B

j � 1

) + I ( b

j

) ; 0 � i � I ; 1 � j � J : (4.12)

The basic iteration step is no w

d ( A

i

; B

j

) = min f d

D

( A

i

; B

j

) ; d

S

( A

i

; B

j

) ; d

I

( A

i

; B

j

) g ; 1 � i � I ; 1 � j � J (4.13)

with the t w o sp ecial cases

d ( A

i

; B

0

) = d

D

( A

i

; B

0

) ; 1 � i � I (4.14)
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and

d ( A

0

; B

j

) = d

I

( A

0

; B

j

) ; 1 � j � J : (4.15)

A t the end of this iteration, the string distance

d ( A; B ) = d ( A

I

; B

J

) (4.16)

is found.

As men tioned, the di�eren t costs are set uniformly to 1 here:

D ( a ) = 1 (4.17)

S ( a; b ) =

(

1 if a 6= b

0 if a = b

(4.18)

I ( b ) = 1 (4.19)

This also causes the distance measure to b e symmetric:

d ( A; B ) = d ( B ; A ) (4.20)

4.3.3.2 The Nearest Neigh b our Clustering Algorithm

In [20 ], a string clustering algorithm based on the nearest neigh b our decision rule w as

presen ted. A sligh tly mo di�ed v ersion of this algorithm w as also emplo y ed in [15 ]. It is

similar to the mo di�ed K -means clustering algorithm describ ed in [1, pp. 271{274].

The nearest neigh b our clustering algorithm divides a set T = f t

1

; t

2

; : : : ; t

S

g of S strings

t

s

in to M clusters U

m

= f u

m 1

; u

m 2

; : : : ; u

mL

m

g eac h con taining the L

m

strings u

ml

. The

cen troid of a cluster U

m

is de�ned as that string c

m

in cluster U

m

that minimises the

in tra-cluster distortion

L

m

X

j =1

d ( c

m

; u

mj

) �

L

m

X

j =1

d ( u

ml

; u

mj

) ; 1 � l � L

m

: (4.21)

In the nearest neigh b our clustering algorithm, the string clustering is p erformed iterativ ely .

Before the �rst iteration i = 1, the n um b er of clusters is initially set to M = 0. In the

core pro cedure of this iteration, eac h of the S strings t

s

in T are pro cessed sequen tially .

F or eac h string t

s

, �rst the cluster U

m

opt

is found b y a nearest neigh b our searc h

m

opt

= arg min

m

d ( t

s

; c

m

) : (4.22)

If this minim um distance d ( t

s

; c

m

opt

) is not greater than a in tra-cluster string distance

threshold d

max

, the string t

s

is assigned to cluster U

m

opt

. Otherwise, a new cluster with

the cen troid t

s

is created and t

s

is assigned to this new cluster. If all K strings ha v e b een

pro cessed, the empt y clusters are remo v ed, the new cluster cen troids c

m

are computed and

the total in tra-cluster distortion

D

i

=

M

X

m =1

L

m

X

j =1

d ( c

m

; u

mj

) (4.23)
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for this i 'th iteration is calculated. The clustering pro cess is terminated no w if con v ergence

can b e assumed. This is the case if all new cen troids are equal to the cen troids found in

the previous iteration i � 1, if the maxim um n um b er of iterations i

max

is reac hed or if the

relativ e reduction of the total distortion D

i

is not ab o v e a threshold a , i.e.

D

i � 1

� D

i

D

i

� a: (4.24)

Otherwise, all clusters are cleared and only their cen troids are main tained b efore the core

pro cedure is started again for the next iteration i + 1.

After eac h iteration, the clusters are sorted according to their size L

m

. When this nearest

neigh b our clustering algorithm has terminated, the mem b ers of the �rst cluster (i.e. the

biggest cluster) are returned. The �nal clustering obtained b y this algorithm dep ends v ery

m uc h on the maxim um in tra-cluster string distance d

max

, on the termination threshold a

and on i

max

.

When this clustering algorithm is used for the preselection of training tok ens, the list of

the N -b est individual transcriptions of the K training tok ens is the set T of S = N K

strings to b e clustered. After the clustering algorithm has terminated, eac h of the K

tok ens is assigned to the biggest cluster that con tains a transcription b elonging to that

tok en. The tok ens assigned to the cluster that has the highest n um b er of tok ens assigned

are returned. Th us, a set of preselected training tok ens is obtained.

In [15 ], a mo di�ed v ersion of the nearest neigh b our clustering algorithm w as used. In this

v ersion, t w o transcriptions of the same tok en are not allo w ed to o ccup y the same cluster.

Th us, the N di�eren t transcriptions of a training tok en had to b elong to N di�eren t

clusters. It is also p ossible to use the M

en try

biggest clusters to generate m ultiple en tries

for a w ord.

4.3.3.3 Other Clustering Algorithms

Also some alternativ e clustering algorithms w ere implemen ted and brie
y in v estigated

in this thesis. The �rst alternativ e algorithm is v ery similar to the nearest neigh b our

clustering algorithm describ ed ab o v e. It clusters the tok ens and not the transcription

strings themselv es. The distance b et w een a tok en and the cen troid string of a cluster is

computed as the sum of the distances b et w een the cen troid string and the N transcription

strings of that tok en.

The other alternativ e clustering algorithm is based on the \unsup ervised clustering without

a v eraging" describ ed in [1 , pp. 268{270]. It iterativ ely splits the string set R

i

in to a

new cluster of strings within a distance threshold of the cen troid of R

i

and a new set of

remaining strings R

i +1

. This iteration is initialised b y R

0

= T .

Additionally , di�eren t minor mo di�cations of these algorithms w ere tried. In Section A.1.5,

the usage of the program w ordclust that implemen ts all these clustering metho ds is de-

scrib ed. The outcome of the di�eren t clustering metho ds presen ted here could only b e

studied brie
y in this thesis due to the complexit y of a detailed in v estigation. Also the

clustering parameters (e.g. the maxim um in tra-cluster string distance d

max

) w ere not op-

timised b y ob jectiv e criteria but only b y man ual examination of the algorithms' outcome.
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4.3.4 Estimation of the Most Lik ely T ranscription

Based on a set of lists that con tain the lik eliho o d scores of all di�eren t p ossible transcrip-

tions for eac h of the K tok ens, the transcription

^

W with the highest com bined lik eliho o d

score could b e found b y computing the com bined lik eliho o d scores of all p ossible transcrip-

tions W based on this set of lists (Equation 4.5 or Equation 4.6) and �nally p erforming the

maximisation in Equation 4.4. This tec hnique is of course imp ossible due to the prohibitiv e

size of these lists.

Nev ertheless, an appro ximativ e tec hnique based on this concept is feasible. It requires

the lists of the individual N -b est transcriptions of eac h of the K tok ens together with the

lik eliho o d scores of these transcriptions. F or eac h of the di�eren t transcriptions W that

o ccur in these lists, the com bined lik eliho o d score is computed b y com bining the scores

this transcription has for eac h of the K tok ens. If a transcriptions W is not within the

N -b est list for a tok en k , the score of that transcription for that tok en has to b e estimated.

The estimation tec hnique used here is based on that transcription W

min

of the tok en k in

the N -b est list that has the minim um string distance d

min

= d ( W ; W

min

) to transcription

W . The log lik eliho o d score log P [ O

k

j W ] is no w estimated b y

1

T

k

log

^

P [ O

k

j W ] = min

�

1

T

k

log P [ O

k

j W

N

] ;

1

T

k

log P [ O

k

j W

min

] � p � x ( d

min

)

y

�

; (4.25)

where W

N

, the N 'th (i.e. w orst scoring) transcription in the N -b est list for tok en k ,

ob viously is an upp er limit for the estimated score. The parameters p (�xed p enalt y), x

(distance score p enalt y factor) and y (distance score p enalt y exp onen t) allo w to optimise

this estimation metho d. T

k

is the length of the k 'th tok en. It is not explicitly required

here, since the a v erage log lik eliho o d scores p er time frame is directly giv en in the N -b est

lists. Because of this fact, Equation 4.6 is used here to compute the com bined lik eliho o d

score.

When all the com bined lik eliho o d scores for the di�eren t transcriptions W in the N -

b ests lists ha v e b e computed, the highest scoring transcription

^

W is returned according

to Equation 4.4. In this thesis, the parameters p , x and y w ere optimised only b y man ual

examinations of the algorithm's outcome. This algorithm w as implemen ted as a sp ecial

option in the string clustering program w ordclust. In Section A.1.5, the usage of this

program is describ ed.

4.4 Exp erimen tal Results

T o in v estigate the di�eren t automatic lexicon generation tec hniques describ ed ab o v e, these

tec hniques w ere used to generate sev eral new lexica. Then, the p erformance of these lexica

and their e�ect on the results of recognition tests w ere examined.

The lexicon generation exp erimen ts conducted in this thesis w ere based on the 1000 w ord

D ARP A resource managemen t (RM) corpus describ ed in Section 2.3.3. In all exp erimen ts,

the HMM set \base" consisting of 47 con text indep enden t phoneme mo dels (the 2 silence

mo dels are not required here) w ere used together with the simplest p ossible grammar

net w ork. This net w ork w as describ ed in Section 4.3.1 and allo ws all p ossible phoneme

transcriptions W with a nearly equal a priori probabilities P [ W ]. Th us, the sp elling of a

w ord w as not tak en in to accoun t in these exp erimen ts.
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The complete sp eak er indep enden t training set consisting of 3990 utterances with a total

of 34722 w ords w as used for the automatic lexicon generation. The p erformance of the new

lexica w as in v estigated using the test set \feb89". This test set consists of 300 utterances

with a total of 2561 w ords.

Di�eren t subsets of the complete set of 991 w ords in the RM corpus w ere used here. 988

of the 991 w ords had at least one tok en in the training set. The set of w ords ha ving

at least 10 tok ens in the training set and an original transcription of not more that 10

phonemes con tains 592 w ords. It is called \set10" here. In the test set \feb89", 577 of

the 991 w ords w ere represen ted with at least one tok en. Of the 592 w ords in \set10", 409

w ere represen ted with at least one tok en in \feb89".

4.4.1 Generation of the New Lexica

In the follo wing, the details of the generation of the di�eren t new lexica are describ ed. The

searc h for a new transcription w as ab orted unsuccessfully for sev eral w ords in these lexica

due to the limited memory resources of the a v ailable hardw are. The fact, that therefore

new transcriptions are missing for sev eral w ords in the new lexica, has to b e tak en in to

accoun t when the p erformance of these lexica is compared.

The actual generation of a new lexicon w as done using sev eral UNIX shell scripts. These

scripts w ere used to call the di�eren t programs lik e HAlignW, HViteM, w ordclust, : : :

with the necessary parameters. Additionally , sev eral small utilit y programs w ere required

to handle and con v ert the di�eren t data �le formats used in the lexicon generation pro cess.

These utilit y programs and script �les are describ ed in Section A.2 and Section A.3.1. As

an example, the pro cess of generating and testing the new lexicon \clust100" is describ ed

in detail in Section A.3.2.

4.4.1.1 The Lexicon \max100"

The lexicon \max100" w as generated quite straigh tforw ard. HViteM w as used to �nd the

most lik ely transcription of all 988 w ords ha ving at least one tok en in the training set. If

there w ere not more than 100 tok ens of a w ord in the training set, all these tok ens w ere

tak en in to accoun t. Otherwise, a subset con taining exactly 100 randomly c hosen tok ens of

that w ord w ere used. This w as necessary for 67 w ords. Equation 4.5 w as used to compute

the com bined lik eliho o d scores.

The searc h for a new transcription w as ab orted if further required memory could not b e

allo cated (i.e. the a v ailable memory resources w ere exhausted) or if a stac k size w arning

w as issued. Suc h a w arning is issued b y HViteM if it is detected that the limitation of the

OPEN stac k size could lead to a searc h error.

Di�eren t OPEN stac k sizes on the order of 200 to 500 en tries w ere used here. Di�eren t

stac k sizes w ere tried since the required stac k size for w ord a with a giv en set of training

tok ens dep ends on the n um b er of tok ens, the duration of these tok ens and on the v ariation

of pron unciation encoun tered in the tok ens. If the stac k size w as to o small, a stac k size

w arning could b e issued. Otherwise, a memory allo cation problem could b e encoun tered.

During the lexicon generation pro cess, it w as p ossible to allo cate maxim um of ab out 20

Mb yte memory for HViteM.
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Finally , new lexicon en tries w ere found for 801 of the 988 w ords tried. The p erformance

of this lexicon is discussed in Section 4.4.2.

4.4.1.2 The Lexica \rand10" and \rand10 r"

The lexica \rand10" and \rand10 r" w ere also generated quite straigh tforw ard. The �rst

main di�erence to the pro cess of generating \max100" is, that here only the 592 w ords

in \set10" w ere included in the lexicon generation pro cess. Th us, it w as not tried to �nd

a new en try for a w ord with less that 10 training tok ens a v ailable or with an original

transcription longer than 10 phonemes. The other main di�erence is, that for eac h w ord

only 10 randomly c hosen tok ens w ere used. Lik e for \max100", also here di�eren t OPEN

stac k sizes w ere tried.

The t w o lexica \rand10" and \rand10 r" di�er only in the equation that w as used to com-

pute the com bined lik eliho o d score. Equation 4.5 w as used for lexicon \rand10" while the

tok en length comp ensated score in Equation 4.6 w as used for lexicon \rand10 r". In lexi-

con \rand10", new lexicon en tries w ere found for 526 of the 592 w ords tried. In \rand10 r",

541 of 592 w ord en tries w ere found. The p erformance of these lexica is discussed in Sec-

tion 4.4.2.

4.4.1.3 The Lexicon \clust100"

The generation of the lexicon \clust100" w as based on the nearest neigh b our clustering

algorithm describ ed in Section 4.3.3.2. First, lists with the individual 10-b est transcrip-

tions of all tok ens of the 988 w ords that o ccur in the training set w ere generated using a

sp ecial option in HViteM. F or eac h of these w ords, the listed transcriptions w ere clustered

and the tok ens assigned to the biggest cluster w ere then used as the set of preselected

training tok ens. T o obtain reasonable results from the clustering algorithm for w ords with

short transcriptions as w ell as for w ords with long transcriptions, the maxim um in tra-

cluster string distance d

max

w as c hosen dep ending on the a v erage length

�

L of the listed

transcriptions of a w ord. Here, the distance threshold

d

max

= d

0

+ l

�

L (4.26)

w as used. The actual parameter v alues used here for the clustering w ere d

0

= 1, l = 0 : 3

and a threshold a = 0 for the relativ e reduction of the total distortion D

i

. Di�eren t from

[15 ], the n um b er of transcriptions of the same tok en within one cluster w as not limited.

In brief exp erimen ts with these b oth v ersions of the clustering algorithm, no signi�can t

adv an tages of the limitation used in [15] w ere observ ed.

Based on these preselected sets of training tok ens, the most lik ely transcriptions for the

988 w ords w ere found using HViteM. If a cluster con tained more than 100 tok en, exactly

100 of these tok ens w ere selected randomly and used b y HViteM. Otherwise, all tok ens

in the cluster w ere used. Due to the preselection pro cess, the tok ens tak en in to accoun t

in the searc h for the new transcription represen ted similar pron unciations of a w ord and

therefore, no problems with the complexit y of this searc h w ere encoun tered. T o compute

the com bined lik eliho o d score, Equation 4.5 w as used.

Finally , new lexicon en tries for all 988 w ords w ere found. Of the new transcriptions in

this lexicon, 413 (41.8%) w ere equal to the cen troid of the biggest cluster | the cluster
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determining the set of training tok ens used. The p erformance of this lexicon is discussed

in Section 4.4.2.

4.4.1.4 The Lexicon \estimate"

The generation of the lexicon \estimate" w as based on the same lists of the individual 10-

b est transcriptions of all tok ens that w ere also used for the generation of \clust100". T o

estimate the most lik ely transcriptions for the 988 w ords ha ving at least one training tok en,

the metho d describ ed in Section 4.3.4 w as used. The parameters of the score estimation

(Equation 4.25) w ere set to p = 0, x = 1 and y = 2. Since only the a v erage log lik eliho o d

scores p er time frame are a v ailable in the transcription lists, Equation 4.6 w as used to

compute the com bined lik eliho o d scores.

The lexicon estimation algorithm requires ab out the same amoun t of memory as the

string clustering algorithm, whic h is a fraction of the memory that could b e required b y

HViteM in the exact searc h for the most lik ely transcription. Th us, it w as no problem to

generated new en tries for all the 988 w ords. The p erformance of this lexicon is discussed

in Section 4.4.2.

4.4.2 Comparison of the New Lexica

T o ev aluate the p erformance of the di�eren t new lexica, the test set \feb89" consisting of

300 utterances with a total of 2561 w ords w as used. Of the 988 w ords ha ving tok ens in

the training set, 576 w ords ha v e at least on tok en in this test set. And of the 592 w ords

in \set10", 409 ha v e a tok en in the test set \feb89". T able 4.1 con tains an o v erview of the

di�eren t new lexica. It lists n um b er of lexicon en tries for whic h a transcription w as found

in the automatic lexicon generation pro cesses. Also the n um b er of new lexicon en tries

that w ere equal to the corresp onding en try in the original lexicon is giv en.

T o measure the p erformance of the new lexica, the a v erage lik eliho o d scores for the tran-

scriptions in the di�eren t lexica w ere computed. First, the transcription in the lexicon

en try for a w ord w as con v erted in to a net w ork. Then, this net w ork w as used b y HViteM

to �nd the a v erage log lik eliho o d score p er time frame for eac h tok en of that w ord in

the test set. Only the forw ard Viterbi searc hes for the tok ens w ere required to �nd these

a v erage scores. Therefore, the bac kw ard tree searc h in HViteM w as disabled. The re-

quired time-aligned w ord lab el �les for the utterance in the test set w ere generated using

HAlignW in exactly the same w as as for the training set. This means, that the time-

alignmen t for the w ords in the training set as w ell as in the test set w as computed using

the transcriptions in the original lexicon.

After the a v erage log lik eliho o d scores p er time frame w ere computed for all tok ens of the

di�eren t w ords in a lexicon, the mean v alue of these scores for all tok ens w as calculated.

Also the a v erage lik eliho o d scores for the w ords w ere computed and the mean v alue of these

score for all w ords w as calculated. Since the new lexica con tain a di�eren t n um b ers of

en tries, only those w ords that ha v e an en try in all new lexica w ere used for the comparison.

There are totally 451 of these w ord and 301 of them ha v e at least on tok en in the test set

\feb89". This set of w ords is called \common301". T o a v oid that w ords with only a few

(ma yb e un t ypical) tok ens in the test set ha v e a big in
uence on the a v erage w ord score,

another set of w ords w as de�ned. This set, called \common47", con tains all those w ords
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in \common301" that ha v e at least 10 tok ens in the test set \feb89".

The a v erage w ord log lik eliho o d scores p er time frame for the w ords in \common47" are

listed in T able 4.1. F or all lexica except \rand10 r", Equation 4.5 w as used to calculate

the a v erage score for a w ord. F or the lexicon \rand10 r", Equation 4.6 w as used. The

name \original r" refers to the same original lexicon as \original". The app ended \ r"

indicates only , that Equation 4.6 instead of Equation 4.5 w as used to compute the a v erage

w ord scores. Besides the a v erage w ord score, also the a v erage score gain relativ e to the

original lexicon is giv en for eac h lexicon.

The a v erage tok en log lik eliho o d scores p er time frame for the tok ens of the w ords in

\common301" are also listed in T able 4.1. This mean score w as calculated for all tok ens.

Th us, the more frequen t tok ens ha v e a higher in
uence on the mean score. Because of

this fact, these tok en mean scores can b e seen as a more realistic measure of the lexicon

p erformance than the w ord mean score. Besides the a v erage tok en score and the a v erage

score gain relativ e to the original lexicon, also the standard deviation of the di�erence

b et w een the tok en scores for the original and for the new transcription is giv en.

Lexicon Lexicon En tries P erformance (test set: \feb89")

equal 47 w ords (\common47") 1881 tok ens (\common301")

tried found \orig." mean score score gain mean score score gain std.dev.

\original" (991) -78.3485 0.0000 -78.4206 0.0000 0.0000

\original r" (991) (-78.6970) (0.0000)

\max100" 988 801 144 -78.0569 0.2916 -78.1962 0.2244 0.8169

\rand10" 592 526 92 -78.1595 0.1890 -78.3372 0.0834 1.1910

\rand10 r" 592 541 95 (-78.5444) (0.1526) -78.3168 0.1038 1.1790

\clust100" 988 988 120 -78.1293 0.2192 -78.2345 0.1861 1.0840

\estimate" 988 988 96 -78.2459 0.1026 -78.2925 0.1281 1.2010

T able 4.1: Size and p erformance of the di�eren t lexica.

The lik eliho o d score gains listed in T able 4.1 sho w, that the lexicon \max100" o�ers the

highest p erformance gain compared to the original lexicon. The lexicon \clust100" o�ers

a sligh tly lo w er p erformance gain due to the appro ximations inheren t in concept of tok en

preselection. The increased standard deviation of the score di�erence, compared with

\max100", indicates also a decreased reliabili t y of the new transcriptions. The lexica

\rand10" and \rand10 r" o�er a signi�can t lo w er p erformance gain than \max100" or

\clust100". This is caused b y the lo w n um b er of training tok ens tak en in to accoun t in the

searc h for the new transcription. Also the higher standard deviation of the score di�erence,

compared with \max100" and \clust100", indicates, that a lo w n um b er of training tok ens

results in a less reliable new transcription. No clear p erformance di�erence b et w een the

t w o metho ds for calculating the com bined lik eliho o d score (Equation 4.5 and Equation 4.6)

can b e observ ed. The p erformance gain of the lexicon \estimate" is comparable to the

gains obtained b y \rand10" and \rand10 r". Also the standard deviation of the score

di�erence of these three lexica is comparable.

In Figures 4.2 to 4.6, the distribution of the di�erence b et w een the w ord scores and tok en

scores of the new and the original transcription is sho wn for all the �v e di�eren t lexica

generated in this thesis. As in T able 4.1, also here the a v erage log lik eliho o d score p er

time frame is used. In the distributions of the w ord score di�erences, all w ords ha ving

an en try in the new lexicon and at least one tok en in the test set \feb89" w ere included.

The distributions of the tok en score di�erences only include the tok ens of the w ords in

\common301". Therefore, these tok en score di�erence distributions can easily b e compared
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for the di�eren t lexica.

Some c haracteristic parameters of these distributions are giv en in the diagrams. The mean

v alue and the standard deviation of the w ord or tok en score di�erence is sho wn. Also the

p ercen tage of w ords or tok ens with a lo w er, equal or higher score is giv en.
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"max100" - "original"   test set: "feb89" (all)   (449 words)

mean(gain) = 0.2907

stddev(gain) = 0.7873

gain < 0   :   21.38%

gain = 0   :   20.94%

gain > 0   :   57.68%
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"max100" - "original"   test set: "feb89" (common301)   (1881 tokens)

mean(gain) = 0.2244

stddev(gain) = 0.8169

gain < 0   :   14.41%

gain = 0   :   50.4%

gain > 0   :   35.19%

Figure 4.2: Distribution of the w ord score gain and tok en score gain for lexicon \max100".
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"rand10" - "original"   test set: "feb89" (all)   (366 words)

mean(gain) = 0.2567

stddev(gain) = 0.7454

gain < 0   :   24.32%

gain = 0   :   18.85%

gain > 0   :   56.83%
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"rand10" - "original"   test set: "feb89" (common301)   (1881 tokens)

mean(gain) = 0.08342

stddev(gain) = 1.191

gain < 0   :   24.3%

gain = 0   :   38.76%

gain > 0   :   36.95%

Figure 4.3: Distribution of the w ord score gain and tok en score gain for lexicon \rand10".

Finally , full recongition test w ere p erformed to in v estigate the new lexica under real con-

ditions. F or eac h of the �v e new lexica, t w o recognition tests w ere p erformed. In the

�rst test, all transcriptions in a new lexicon w ere used and only for those w ords that had

no transcription in the new lexicon, the corresp onding en tries from the original lexicon

w ere copied. Due to the di�eren t n um b er of en tries in the new lexica, the results of these

recognition test can not b e easily compared for the di�eren t lexica. Therefore, a second

test w as p erformed for all lexica. In this test, only the new transcriptions for the w ords in

\common301" w ere used and for all other w ords, the corresp onding original en tries w ere

copied. The results of these tests no w can b e directly compared for the di�eren t lexica.

The results of these recognition tests are summarised in T able 4.2. The n um b er of auto-

matically generated en tries in the di�eren t lexica is giv en as w ell as the recognition rate

for whole utterances. Also the recognition accuracy on w ord lev el is giv en. The n um b er
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"rand10_r" - "original_r"   test set: "feb89" (all)   (376 words)

mean(gain) = 0.241

stddev(gain) = 0.7836

gain < 0   :   24.2%

gain = 0   :   19.15%

gain > 0   :   56.65%
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"rand10_r" - "original"   test set: "feb89" (common301)   (1881 tokens)

mean(gain) = 0.1038

stddev(gain) = 1.179

gain < 0   :   21.58%

gain = 0   :   42.48%

gain > 0   :   35.94%

Figure 4.4: Distribution of the w ord score gain and tok en score gain for lexicon \rand10 r".
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"clust100" - "original"   test set: "feb89" (all)   (576 words)

mean(gain) = 0.02528

stddev(gain) = 0.9773

gain < 0   :   37.15%

gain = 0   :   14.06%

gain > 0   :   48.78%
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"clust100" - "original"   test set: "feb89" (common301)   (1881 tokens)

mean(gain) = 0.1861

stddev(gain) = 1.084

gain < 0   :   19.88%

gain = 0   :   41.95%

gain > 0   :   38.17%

Figure 4.5: Distribution of the w ord score gain and tok en score gain for lexicon \clust".
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"estimate" - "original"   test set: "feb89" (all)   (576 words)

mean(gain) = 0.06215

stddev(gain) = 0.9798

gain < 0   :   38.19%

gain = 0   :   11.81%

gain > 0   :   50%
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"estimate" - "original"   test set: "feb89" (common301)   (1881 tokens)

mean(gain) = 0.1282

stddev(gain) = 1.201

gain < 0   :   21.96%

gain = 0   :   41.25%

gain > 0   :   36.79%

Figure 4.6: Distribution of the w ord score gain and tok en score gain for lexicon \estimate".
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of w ord deletions, substitutions and insertions w ere found b y the HTK to ol HResults and

are based on dynamic programming matc hes b et w een the recognised and the correct sen-

tences. In these tests, the same HMM set \base" as for the lexicon generation pro cesses

w as used. The grammar net w orks for the recognition tests w ere based on the w ord-pair

grammar and w ere generated b y the RMTK to ol HSnor2Net using the new lexica.

Lexicon New En tries Utterances W ords

in Correct N = 300 Correct Accuracy N = 2561

total \feb89" H = N H S H = N ( H � I ) = N H D S I

\original " (991) (577) 29.00% 87 213 78.33% 76.10% 2006 124 431 57

al l new lexic on entries use d:

\max100" 801 448 33.67% 101 199 81.30% 79.70% 2082 119 360 41

\rand10" 526 366 30.67% 92 208 79.85% 77.70% 2045 112 404 55

\rand10 r" 541 376 29.67% 89 211 79.77% 77.39% 2043 118 400 61

\clust100" 988 576 28.67% 86 214 78.60% 75.75% 2013 111 437 73

\estimate" 988 576 30.33% 91 209 79.85% 76.92% 2045 119 397 75

only c ommon new lexic on entries use d (\c ommon301") :

\max100" 451 301 32.00% 96 204 80.59% 78.33% 2064 111 386 58

\rand10" 451 301 29.67% 89 211 79.19% 76.53% 2028 113 420 68

\rand10 r" 451 301 29.00% 87 213 78.95% 76.45% 2022 115 424 64

\clust100" 451 301 32.67% 98 202 79.77% 77.43% 2043 105 413 60

\estimate" 451 301 32.00% 96 204 78.95% 75.91% 2022 114 425 78

( H = correct items, D = deletions, S = substitutions, I = insertions, N = items in reference)

T able 4.2: Recognition test results for the di�eren t lexica (test set: \feb89", HMM set: \base", grammar:

w ord-pair).

The w ord recognition accuracies listed in T able 4.2 con�rm the observ ations concerning the

p erformance of the di�eren t lexica that w ere made for the a v erage tok en and w ord scores in

T able 4.1. Since only a total of 300 utterances w ere tested, the di�erences in the n um b er of

correct recognised utterances are are quite lo w. These di�erences seem to b e only sligh tly

ab o v e the statistical uncertain t y inheren t in suc h recognition tests. Nev ertheless, also the

utterance recongition rates indicate the same p erformance di�erences b et w een the lexica

that w ere observ ed otherwise.

If the t w o di�eren t tests for a lexicon are compared, the in
uence of the n um b er of training

tok ens on the generated transcription can b e observ ed for the di�eren t lexicon generation

tec hniques. This is due to the fact, that in the second test (\common301"), for eac h

w ord at least 10 training tok ens w ere a v ailable for the lexicon generation. F or the lexicon

\max100", the w ord recognition accuracy increased if all new lexicon en tries w ere used.

The in teresting observ ation in this comparison is, that w ord recognition accuracy for

\estimate" increased while the accuracy for \clust100" signi�can tly decreased if all new

lexicon en tries w ere used in the tests. This is caused b y the fact, that ev en if only a few

training tok ens are a v ailable, an ev en smaller subset of these tok ens will b e selected b y the

clustering algorithm and then tak en in to accoun t in the searc h for the new transcription.

Th us, the reliabili t y of the new transcriptions is decreased signi�can tly in these cases.

In T able 4.3, the en tries in the di�eren t lexica are giv en for �v e w ords. These w ords w ere

c hosen to illustrate t ypical prop erties and problems of the di�eren t automatic lexicon gen-

eration tec hniques studied here. F or w ord CHAR T, all lexica except \estimate" con tain the

original transcription. F or w ord WHICH, all new lexica con tain the same transcription. It

di�ers in the v o w el \ih" and the follo wing stop closure \td" from the original transcription

and represen ts a more slopp y pron unciation. F or the w ord TWENTY, sev eral di�eren t



Automatic Lexicon Generation 4.4 Exp erimen tal Results 65

transcriptions w ere found. They sho w problems with the recognition of the initial stop \t"

and also indicate a slopp y pron unciation. The phoneme \r" in the en tries in \rand10" and

\rand10 r" illustrates the kind of errors that can b e caused b y only using a few training

tok ens. The w ord INDIAN mainly illustrates the e�ect of a slopp y pron unciation on the

generated lexicon en try . The w ord NO VEMBER sho ws problems with the recongition of

the initial nasal \n". The stop closures \td" or \kd" at the end of the new transcriptions

migh t b e caused b y problems with the w ord time-alignmen t of the training utterance and

p ossibly only represen t silence.

During the generation of \max100", the searc h for a new transcription of the w ords IN-

DIAN and NO VEMBER w as ab orted due to complexit y problems. These problems migh t

ha v e b een caused either b y the lac k of a common pron unciation in the training tok ens or

b y long duration of the tok ens. The di�erence b et w een the transcriptions in \clust100"

and the corresp onding cen troids illustrate that the string distance measure used in the

clustering do es not tak e in to accoun t p ossible similarities b et w een phonemes.

Lexicon T ranscriptions

w ord ) CHAR T WHICH TWENTY INDIAN NO VEMBER

tok ens ) 124 307 152 38 35

\original" td c h aa r td w ih td c h t w ah n iy ih n d iy ax n n o w v eh m b er

\max100" td c h aa r td w ax dd c h k w dx iy (not found) (not found)

\rand10" td c h aa r td w ax dd c h t w r iy ih n y n m o w v eh m b er td

\rand10 r" td c h aa r td w ax dd c h t w r iy ih n y n m o w v eh m b er td

\clust100" td c h aa r td w ax dd c h p w dx iy ih n y n m o w v ah m b er kd

cen troid ) dd c h aa r w ax ts c h p w dx iy ih n y m m o w v ah m b er kd

cluster size ) 141 67 76 14 12

\estimate" dd c h aa r w ax dd c h t w dx iy ih n y ax n m o w v eh m b er kd

T able 4.3: Examples of transcriptions from the di�eren t lexica.

The p erformance of the di�eren t lexica can b e summarised as follo ws:

� \max100" This lexicon giv es the highest increase of p erformance compared to the

original lexicon. It still has the disadv an tage that for sev eral w ords, the searc h for a

new en try w as ab orted due to complexit y problems.

� \rand10" This lexicon giv es an increase in p erformance but also sho ws the problems

that arise of only a lo w n um b er of training tok ens is tak en in to accoun t in the lexicon

generation pro cess.

� \rand10 r" This lexicon is quite similar to \rand10" and mainly indicates that

there is no clear di�erence in p erformance b et w een the t w o di�eren t metho ds to

com bine the tok en lik eliho o d scores (Equation 4.5 and Equation 4.6).

� \clust100" This lexicon giv es nearly the same p erformance as \max100" and con-

tains en tries for all w ords since no searc h complexit y problems w ere encoun tered.

But this lexicon sho ws also, that no preselection of training tok ens should b e used

if only a few tok ens are a v ailable.

� \estimate" This lexicon ga v e an increase in p erformance of ab out the same order as

\rand10" and \rand10 r". It con tains en tries for all w ords, but these en tries should

only b e used if none of the other lexicon generation tec hniques can b e used.
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4.5 Discussion

In this c hapter, di�eren t lexicon generation tec hniques w ere describ ed. New lexica for a

con tin uous sp eec h recogniser for the D ARP A resource managemen t corpus w ere generated

and their p erformance w ere compared in recognition tests. During this w ork, sev eral

problems of the automatic lexicon generation w ere observ ed. Di�eren t suggestions to

solv e some of these problems and th us further optimise the automatic lexicon generation

will b e describ ed no w.

T o mak e maxim um use out of the a v ailable training tok ens and the a v ailable hardw are, the

di�eren t lexicon generation tec hniques describ ed here should b e com bined. In a �rst step,

a lexicon lik e \max100" should b e generated taking in to accoun t as m uc h training tok ens

as p ossible. F or those w ords where no new en try w as found due to searc h complexit y ,

a clustering based tok en preselection lik e in \clust100" should b e used. A threshold for

the minim um n um b er of tok ens in the preselected set is suggested. This threshold could

ha v e a v alue on the order of 10 tok ens. If the preselected tok en set is smaller than this

threshold, an estimation tec hnique lik e in \estimate", based on al l a v ailable tok ens, should

b e used instead of a full searc h for the most lik ely transcription for the small preselected

tok en set.

T o impro v e the string distance measure that represen ts the base for the clustering and

transcription estimating algorithms, the cost S ( a; b ) of a substitution should dep end on the

similarit y b et w een the t w o substituted phonemes. A phoneme confusion matrix generated

b y the HTK to ol HResults could b e uses as a base for de�ning S ( a; b ).

The parameters of the clustering and transcription estimating algorithms w ere found but

man ual examination of the algorithms' results. Using ob jectiv e criteria to optimise these

parameters will lik ely lead to b etter p erformance of these algorithms. But this parameter

optimisation migh t b e a v ery complex task.

T o solv e some of the o ccasionally o ccurring problems with initial and �nal silence in the

training tok ens, the net w ork

$phn = (ax|ey| ... |dh);

([sp] < $phn > [sp])

could b e used instead of the net w ork describ ed in Section 4.3.1. But the included optional

silence mo dels \sp" w ould lead to increased memory requiremen ts b ecause of the increased

complexit y of the net w ork. If, as describ ed in [15 ], the use of initial and �nal silence

mo dels should b e p ossible indep enden tly for eac h of the di�eren t training tok ens, large

mo di�cations of HViteM are needed since this w ould require to partly giv e up the v ersatile

recognition net w ork concept of HTK.

In this thesis, only the quite simple HMM set \base" w as used in the lexicon generation

exp erimen ts. It w ould b e in teresting to in v estigated the automatic lexicon generation

when more adv anced HMMs are used. If con text dep enden t mo dels instead of con text

indep enden t mo dels should b e used, a m uc h more complex net w ork w ould b e required.

Starting from a more adv anced HMM set than \base" to a v oid some ob vious errors in the

automatically obtained transcriptions, it w ould b e in teresting to study the join t HMM

and lexicon optimisation describ ed in Section 4.3.1.

The lexicon generation tec hniques describ ed here try to �nd the transcription with the



Automatic Lexicon Generation 4.5 Discussion 67

maxim um lik eliho o d for the training tok ens. This migh t lead to similar or ev en equal

transcriptions for di�eren t w ords in the lexica. It w ould b e in teresting to study tec hniques

that also try to increase the discrimination b et w een di�eren t w ords.

Besides for the lexicon generation, the mo di�ed tree-trellis algorithm implemen ted in

HViteM could also b e used for totally other applications. If e.g. problems in the recog-

nition of a sp ok en utterance are encoun tered, the sp eak er could b e prompted to rep eat

the utterance and then b oth utterances could b e included in the searc h for the most lik ely

h yp othesis for that utterance.



Chapter 5

Conclusions

In this thesis, an HMM based system for sp eak er indep enden t recognition of con tin uous

sp eec h w as studied. Di�eren t mo di�cations of the recognition system w ere implemen ted

and their e�ect on the system's p erformance w as in v estigated.

First, the fundamen tals of sp eec h recognition w ere brie
y review ed and the HMM T o olkit

(HTK) as w ell as its Viterbi recogniser w ere in tro duced. Then, a sub-w ord based recogni-

tion system for the 1000 w ord D ARP A resource managemen t task w as describ ed. It uses

phonemes as basic recognition units and is based on HTK. This system represen ts the

base for the w ork done in this thesis.

In the �rst part of this thesis, the N -b est searc h paradigm w as presen ted. This concept

simpli�es the incorp oration of additional kno wledge sources in the recognition pro cess. It

requires an N -b est algorithm to pro duce a list of the b est N h yp otheses for a sp ok en ut-

terance. These h yp otheses can then b e rescored b y the additional kno wledge sources and

th us these sources can b e included in the recognition pro cess. Di�eren t N -b est algorithms

ha v e b een prop osed recen tly and w ere describ ed here. Some of these algorithms can gener-

ate an exact N -b est list while others use di�eren t appro ximations to reduce computation.

These di�eren t algorithms w ere compared with resp ect to their optimalit y and e�ciency .

Muc h e�ort w en t in to the implemen tation of the tree-trellis algorithm, an exact and ef-

�cien t N -b est algorithm. This implemen tation is based on HTK's Viterbi recogniser for

con tin uous sp eec h. Sev eral adaptations of the original tree-trellis algorithm w ere required

to include all the options of HTK's original recogniser in this new recogniser. The im-

plemen tation w as optimised in di�eren t w a ys in order to obtain maxim um p erformance.

Finally , this N -b est recogniser w as tested on the 1000 w ord D ARP A resource manage-

men t task. Di�eren t HMMs and grammars w ere used for these tests and the obtained

results corresp ond to those kno wn from literature. Also the computation and memory

requiremen ts w ere examined.

The tree-trellis recogniser dev elop ed as a part of this thesis w ork represen ts a new and

p o w erful to ol for the HTK system. It is fully compatible with HTK's original Viterbi

recogniser and pro vides a go o d base for further w ork on N -b est based recognition systems.

In the second part of this thesis, di�eren t tec hniques for the automatic generation of the

lexicon required in a sub-w ord based recogniser w ere presen ted. This lexicon con tains tran-

scriptions in terms of basic recognition units for eac h w ord in the recogniser's v o cabulary .

T o b e able to generate a new lexicon en try for a w ord, a set of training utterances of that

68
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w ord is required. Although p ossible, other information lik e the sp elling of the w ord w as

not tak en in to accoun t here. A mo di�ed v ersion of the tree-trellis N -b est algorithm w as

used to �nd the lexicon en try (transcription) that is optimal with resp ect to its lik eliho o d

for the training utterances of the w ord.

The implemen tation of the tree-trellis N -b est algorithm w as mo di�ed and extended to

allo w the searc h for the most lik ely h yp otheses giv en not only a single utterance but a

set of utterances. This new program w as optimised in order to increase p erformance and

minimise the memory requiremen ts. Despite of this optimisation, the searc h for a new

lexicon en try for a w ord w as in sev eral cases to o complex for the a v ailable hardw are.

Therefore, di�eren t appro ximativ e tec hniques reducing the complexit y of this searc h w ere

dev elop ed and examined. If the n um b er of training utterances is limited b y using only a

randomly selected subset of the a v ailable utterances, the reliabilit y and p erformance of the

new lexicon en try is reduced. More adv anced tec hniques are based on the lists of N -b est

transcriptions for all individual training utterances of a w ord. With these lists, it is p ossible

to estimate the most lik ely transcription for all utterances. Another tec hnique is based on

a string clustering algorithm. The transcriptions in the N -b est lists are clustered and the

biggest cluster is exp ected to con tain the transcriptions of those training utterances that

represen t the most common pron unciation of the w ord. This subset of training utterances

is then used to �nd the most lik ely transcriptions using the mo di�ed tree-trellis algorithm.

Finally , sev eral new lexica for the phoneme based recogniser for the 1000 w ord D ARP A

resource managemen t task w ere generated. They w ere used to compare the p erformance

of the di�eren t automatic lexicon generation tec hniques men tioned ab o v e. The a v erage

lik eliho o d scores for the di�eren t transcriptions of a w ord and the results of full recog-

nition tests using the new lexica w ere used in this comparison. It w as found that the

lexicon generation tec hnique taking in to accoun t all a v ailable training utterances o�ered

the highest increase in p erformance compared to the original lexicon. The lexicon based

on the string clustering tec hnique o�ered a somewhat lo w er increase in p erformance. The

other tec hniques w ere less promising, but nev ertheless all automatically generated lexica

o�ered a higher p erformance than the original lexicon.

Di�eren t problems of these automatic lexicon generation tec hniques w ere discussed and

sev eral suggestions for further impro v emen ts w ere presen ted. Muc h e�ort w en t in to the

dev elopmen t and optimisation of the v arious programs that w ere required to implemen t

the di�eren t tec hniques men tioned ab o v e. These programs pro vide a go o d base for further

w ork and re�nemen t of tec hniques for automatic lexicon generation.
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App endix A

Program Descriptions

This app endix con tains user man uals for the main to ols and utilit y programs that w ere

written as a part of this thesis w ork. It is assumed that the user is familiar with the main

HTK to ols and their usage.

A t the end of the program descriptions, the UNIX script �les used for the automatic

lexicon generation are describ ed. As an example, the pro cess of generating and testing a

new lexicon is illustrated for the lexicon \clust100".

Because of their size, it is not p ossible to include program listings in this rep ort. T o giv e

a rough impression of the size of the main to ols written during this thesis, the lengths of

their source co des are listed in T able A.1. These to ols (except for w ordclust) mak e use of

the HTK library whic h con tains totally ab out 9300 lines of source co de and ab out 1700

lines in the header �les.

Program Source Co de Lines

(HVite) (2217)

HViteN 4012

HViteM 4547

(HAlign) (1870)

HAlignW 1988

HBst2Lab 388

w ordclust 1758

T able A.1: Source co de lengths for the di�eren t main to ols.

A.1 Main T o ols

In this section, the main to ols written during this thesis are describ ed. These to ols form

an extension to the HMM T o olkit (HTK). Their data handling and user in terface w ere

designed suc h that they comply to the other HTK to ols as far as p ossible.

The programs HViteN and HViteM originate from the HTK to ol HVite, and HAlignW is

a sligh tly mo di�ed v ersion of HTK's HAlign. Therefore, only the di�erences in their usage

and functioning are describ ed here.

72



Program Descriptions A.1 Main T o ols 73

Both programs HViteN and HViteM are based on the v ersion V1.5 of HVite and the HTK

libraries. The �rst v ersions of these t w o programs w ere based on the eralier HTK v ersion

1.4A, but they lac k some the options that are a v ailable in HViteN and HViteM v ersion

V1.5. HAlignW is only a v ailable for v ersion V1.5. HBst2Lab exists only for v ersion V1.4A,

but there is no need for upgrading it to v ersion V1.5.

A.1.1 HViteN

The program HViteN implemen ts the tree-trellis algorithm for the normal single utterance

case. It is used lik e HTK's HVite recogniser and has the abilit y to �nd not only the

�rst b est h yp othesis but the list of the �rst N h yp otheses. The forw ard trellis searc h is

p erformed exactly in the same w a y as in HVite. If the option -N is used, also the bac kw ard

tree searc h is p erformed and the list of b est h yp otheses is written in to an additional N -

b est lab el �le. If more than one sp eec h �le is used, a full tree-trellis searc h is p erformed

and a separate N -b est lab el �le is generated for eac h of the sp eec h �les. An N -b est lab el

�le con tains the h yp otheses in the normal HTK lab el format. The b eginning of eac h

h yp othesis is indicated b y a line lik e

>> hypothesi s 1 (-12.3456 78)

w ere the a v erage lik eliho o d score p er time frame is giv en in paren theses. A full N -b est

lab el �le migh t lo ok lik e

>> hypothesi s 1 (-12.3456 78)

0 1200000 a

1200000 2300000 b

2300000 4500000 c

>> hypothesi s 2 (-23.4567 89)

0 1200000 a

1200000 3400000 b

3400000 4500000 d

w ere the �rst t w o columns giv e the start and end times in 100ns units and the third column

giv es the lab els. The program HBst2Lab can b e used to con v ert N -b est lab el �les in to

other formats.

Actually , there exist t w o v ersions of the program: HViteN and HViteNm. The only

di�erence is that the v ersion HViteNm w as compiled with a sp ecial option and hence

uses float instead of double and short instead of int for RankLists and partial path

scores and times allo cated during the forw ard and bac kw ard searc h. This leads to reduced

memory requiremen ts while the lo w er accuracy only giv es rise to v ery small di�erences in

scores and do es not cause practical problems.

HViteN is used in the follo wing w a y:

USAGE: HViteN[V1. 5] [options] hmmList netFile speechFile s.. .

Option Default

-a enable demo mode off

-b f load bigram from file f none

-c f tied mixture pruning threshold 10.0
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-d s dir to find hmm definitions current

-e exit if pruning WARNING continue

-f use full grammar (ENTER & EXIT) off

-i s Output transcrip tio ns to MLF s off

-k no label times (N-best mode) label times

-l output labels at frame centres frame ends

-m add label scores in output off

-n disable bigram triphone- str ip pin g on

-o disable overwriting on

-p f inter model trans penalty (log) 0.0

-q f set pruning threshold (backward) off

-s f grammar scale factor 1.0

-t f set pruning threshold 0.0

-u i set pruning max active 0

-v f set word end pruning threshold 0.0

-y s external program used in demo mode none

-x s extensio n for hmm files none

-B s extensio n for N-best label files bst

-F fmt Set data file format to fmt HTK

-H s Set master input model file s none

-L s dir to store label file(s) current

-N N find N best hypothese s off

-P fmt Set output label file format to fmt HTK

-R N max N entries in fwd. rank list N best

-S f set script file to f none

-T N set trace flags to N 0

-X s extensio n for label files rec

HViteN o�ers the same options as HVite and additionally has sev eral new options to

con trol the generation of the N -b est h yp otheses in the bac kw ard tree searc h. Here, only

those options are listed whic h are new or di�eren t from HVite.

-e Ab ort the program if a pruning w arning is issued.

-f Use also the transition probabilities from the net w ork ENTER no de and to

the net w ork EXIT no de when calculating the score of a full path. This option

can also b e used together with a bigram �le.

-i s This option do es not a�ect the N -b est lab el �les. Only the �rst b est h yp othesis

found in the forw ard searc h can b e written to an MLF.

-k The N -b est lab el �le will not con tain start and end times (-1 is written to �le

as \dumm y" v alue). This leads to reduced memory requiremen ts for the stac k.

-m The lab el scores are also added in the N -b est lab el �le. Due to a hardly

�xable bug in HVite, the lab el scores for the b est h yp othesis in the forw ard

and bac kw ard searc h migh t di�er sligh tly if a bigram �le is used.

-q f Enable bac kw ard b eam searc h with a pruning threshold f . This option has the

same e�ect as -t f has on the forw ard searc h.

-B s This sets the extension for the N -b est lab el �le(s) (default: \bst").

-N N This option enables the full tree-trellis searc h and sp eci�es the n um b er N of

h yp otheses to generate in the bac kw ard searc h.

-P fmt This option do es not a�ect the format of the N -b est lab el �le(s).
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-R N The n um b er of en tries in the predecessor RankLists generated during the for-

w ard searc h is limited to the b est N en tries. The default v alue is the n um b er

N of b est h yp otheses to generate. If no bigram �le is used, this option can

lead to reduced memory requiremen ts.

-T N Set the trace lev el to N . N is treated as a v ector of binary 
ags. Besides the


ags used in HVite

0000002 recogniti on network

0000004 garbage collectio n

0000010 beam width

0000020 phone instances

0000040 phone link records

0000100 output probs

0000200 recogniti on output

0000400 network memory stats

sev eral new 
ags are added:

0001000 rank lists gen'ed in forward search

0002000 TOS entry

0004000 full stack contents

0010000 backward Viterbi

0020000 backward Viterbi PIs

0040000 backward Viterbi scores & times

0100000 rank lists generati on in backward search

0200000 recogniti on memory statistics

0400000 stack entries removed or deleted

A.1.2 HViteM

The program HViteM implemen ts the tree-trellis algorithm for the m ultiple utterance

case and is the main to ol used for automatic lexicon generation. The program is based on

HViteN and mo di�ed in suc h a w a y that it searc hes for the N -b est h yp otheses that ha v e

the highest com bined lik eliho o d score a v eraged for all giv en utterances. Normally , all giv en

sp eec h �les are regarded as single utterances. But if the option -w is used to sp ecify a

w ord lab el, all tok ens of this w ord are extracted from the giv en sp eec h �les and then these

tok ens are regarded as separate utterances. In this case, also w ord lab el �les including

lab el start and end times m ust b e a v ailable. They can b e sp eci�ed using the options -I ,

-V and -Y . Suc h time-aligned w ord lab el �les can e.g. b e generated b y HAlignW.

Lik e HViteN, HViteM �rst p erforms a forw ard trellis searc h indep enden tly for all utter-

ances. The �rst b est h yp otheses for eac h of the utterances are written to a single m ulti

lab el �le ha ving the result �le name with the lab el �le extension. The b eginning of eac h

utterance is indicated b y a line lik e

-- sequence 1 (-12.3456 78 )

and the h yp otheses are in the normal HTK lab el format. The a v erage lik eliho o d score p er

time frame is giv en in paren theses. A t the end of the �le, a line lik e

++ WORD -12.34567 8
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is added. It giv es the a v erage lik eliho o d score p er time frame for all utterances. WORD is

the w ord lab el sp eci�ed b y -w .

After the the separate forw ard trellis searc hes are p erformed for all utterances, a single

common bac kw ard tree searc h is p erformed to �nd the N -b est h yp otheses that ha v e the

highest com bined score for all utterances. The h yp otheses are then written to the result

�le. The format of this result �le is similar to the N -b est lab el �le format used b y HViteN.

The b eginning of eac h h yp otheses is indicated b y a line lik e

>> hypothesi s 1 (-12.3456 78)

w ere the a v erage lik eliho o d score p er time frame for all utterances is giv en in paren theses.

Then the lab els for the utterances follo w, only di�ering in their time-alignmen t. The

b eginning of eac h utterances is indicated b y a line lik e

-- sequence 1 (-12.3456 78 )

con taining also the a v erage lik eliho o d score for that utterance.

Both lab el �les generated b y HViteM can b e con v erted to other formats b y HBst2Lab.

There are di�eren t options ( -g and -Z ) to sp ecify that only a subset of the giv en utterances

is used b y HViteM. If the option -z is used, only the forw ard searc hes are p erformed and

only the m ulti lab el �le is generated. The option -h selects a sp ecial mo de w ere the N -

b est h yp otheses for eac h utterance are found b y indep enden t bac kw ard searc hes and no

common bac kw ard searc h is p erformed. These h yp otheses are written to the �le sp eci�ed

with the option. The �le format of this m ulti one-line �le is similar to the one-line format

use b y HBst2Lab. F or eac h utterance, the �le con tains a set of N + 1 lines lik e

## 1

-12.345678 a b c

-23.456789 a b d

The �rst line indicates the index of the utterance (sequence) and the follo wing lines giv e

the N -b est h yp otheses, starting with the b est one. Eac h h yp othesis line starts with the

a v erage lik eliho o d score p er time frame and con tin ues with the lab el sequence of that

h yp othesis.

Lik e for HViteN, there also exist t w o v ersions of this program: HViteM and HViteMm.

They di�er in exactly the same w a y as describ ed for HViteN.

HViteM is used in the follo wing w a y:

USAGE: HViteM[V1. 5] [options] hmmList netFile resultFile speechFile s. ..

Option Default

-b f load bigram from file f none

-c f tied mixture pruning threshold 10.0

-d s dir to find hmm definitions current

-e exit if pruning WARNING continue

-f use full grammar (ENTER & EXIT) off

-g s load sequences indexed in file s all

-h s only each sequence N-best to file s off
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-k no label times (N-best mode) label times

-l output labels at frame centres frame ends

-m add label scores in output off

-n disable bigram triphone- str ip pin g on

-p f inter model trans penalty (log) 0.0

-q f set pruning threshold (backward) off

-r use rel. word score (prob/fra me) abs. score

-s f grammar scale factor 1.0

-t f set pruning threshold 0.0

-u i set pruning max active 0

-v f set word end pruning threshold 0.0

-w s set word label to s none

-x s extensio n for hmm files none

-z calc. average word score only off

-F fmt Set data file format to fmt HTK

-H s Set master input model file s none

-I s Set master label file s none

-K N max N entries in open stack N best

-L s dir to store label file(s) current

-N N find N best hypothese s only 1 best

-R N max N entries in fwd. rank list all

-S f set script file to f none

-T N set trace flags to N 0

-V s dir to find word label file(s) current

-X s extensio n for label files mre

-Y s extensio n for word label files wrd

-Z N load max N sequences all

HViteM o�ers most of the options of HViteN. T o handle the m ultiple utterance case,

sev eral options ha v e b een added. But is w as also necessary to remo v e some of the original

HVite options. Here, only those options are listed whic h are new or di�eren t from HVite.

-a (can not b e used)

-e Ab ort the program if a pruning w arning is issued.

-f Use also the transition probabilities from the net w ork ENTER no de and to

the net w ork EXIT no de when calculating the score of a full path. This option

can also b e used together with a bigram �le.

-g s Only utterances are loaded and used whos index can b e found in the �le s .

This �le m ust con tain one index n um b er p er line and has to b e sorted. The

utterances (whole sp eec h �les or, if -w is used, tok ens) are indexed in the order

they app ear in the input, starting with index 1. The indices app earing in an y

HViteM output alw a ys refer only to the actually loaded utterances.

-h s This option disables the common bac kw ard searc h. Instead of the common

searc h, indep enden t bac kw ard searc hes are p erformed for all utterances. The

N -b est h yp otheses for eac h utterance are written to the �le s in the format

describ ed ab o v e.

-i (can not b e used)

-k The result �le will not con tain start and end times (-1 is written to �le as

\dumm y" v alue). This leads to reduced memory requiremen ts for the stac k.

The lab el sequence for eac h h yp othesis is only written once for the last utter-

ance and not for all utterances.



Program Descriptions A.1 Main T o ols 78

-m The lab el scores are added in the m ulti lab el �le and in the result �le. Due to

a hardly �xable bug in HVite, the lab el scores for the b est h yp othesis in the

forw ard and bac kw ard searc h migh t di�er sligh tly if a bigram �le is used.

-o (can not b e used)

-q f Enable bac kw ard b eam searc h with a pruning threshold f . This option has the

same e�ect as -t f has on the forw ard searc h.

-r The a v erage lik eliho o d score for all utterances can b e calculated in t w o w a ys.

Normally , the scores for all utterances are added and the divided b y the total

length of all utterances. If the option -r is used, �rst the a v erage score p er

time frame is calculated separately for eac h w ord and �nally the mean of these

a v erage scores is calculated. This option a�ects b oth the a v erage score written

to the m ulti lab el �le and the score used during the bac kw ard searc h.

-w s If this option is used, a sp eec h �le is not regarded as a single utterance. Instead

of a whole sp eec h �le, no w only those tok ens lab eled s are extracted from a

sp eec h �le and then treated as indep enden t utterances. This option requires a

corresp onding lab el �le for ev ery sp eec h �le in the input. These lab el �les can

b e sp eci�ed with the options -I , -V and -Y .

-y (can not b e used)

-z This option disables the common bac kw ard searc h. Hence, only the m ulti lab el

�le is written. This option can not used together with -h .

-I s This option load the master lab el �le (MLF) for the w ord lab el �les.

-K N This option sp eci�es the maxim um n um b er of en tries in the OPEN stac k. If

this n um b er is exceeded, the w orst en tries are mo v ed to the CLOSED stac k.

An en try in the CLOSED stac k requires signi�can tly less memory than an

en try in the OPEN stac k. Th us, memory requiremen ts are reduced.

-N N This option sp eci�es the n um b er N of h yp otheses to b e generated in the bac k-

w ard searc h(es). As default, only the �rst b est h yp othesis is generated in the

bac kw ard searc h.

-P fmt (can not b e used)

-R N The n um b er of en tries in the predecessor RankLists generated during the for-

w ard searc h is limited to the b est N en tries. If no bigram �le is used, this

option can lead to reduced memory requiremen ts.

-T N Set the trace lev el to N . N is treated as a v ector of binary 
ags. Besides the


ags used in HVite

00000002 recognition network

00000004 garbage collection

00000010 beam width

00000020 phone instances

00000040 phone link records

00000100 output probs

00000200 recognition output

00000400 network memory stats
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sev eral new 
ags are added:

00001000 rank lists gen'ed in forward search

00002000 TOS entry

00004000 full stack contents

00010000 backward Viterbi

00020000 backward Viterbi PIs

00040000 backward Viterbi scores & times

00100000 rank lists generation in backward search

00200000 recognition memory statistics

00400000 stack entries removed or deleted

01000000 loaded speech data sequences

02000000 closed stack garbage collection

-V s This option sp eci�es the directory that is searc hed for the w ord lab el �les. If

this option is not used, the w ord lab el �les are exp ected in the same directory

as the sp eec h �les.

-X s Set the extension for the m ulti lab el �le (default: \mre").

-Y s Set the extension for the w ord lab el �les (default: \wrd").

-Z N This option allo ws to sp ecify a limit for the n um b er of utterances actually used

b y HViteM. It can b e com bined also with the options -g and -w .

A.1.3 HAlignW

HTK's original to ol HAlign is a mo di�ed v ersion of HVite that �nds a phone or state

alignmen t for a sp eec h �le with a giv en non-aligned lab el �le. A net w ork �le can b e

sp eci�ed so that w ord pron unciation subnets can b e used if the input lab el �le con tains

only a w ord lev el transcription. But also in this case, the output lab el �le will still giv e

an aligned phone lev el transcription. T o obtain also aligned w ord lev el transcriptions as

output, a mo di�ed v ersion, HAlignW, w as written.

HAlignW is used in the follo wing w a y:

USAGE: HAlignW[V1 .5] [options] hmmList speechFil es. ..

Option Default

-a s insert initial/f ina l silence s none

-c f tied mixture pruning threshold 10.0

-d s dir to find hmm definitions current

-e s dir to store output labels current

-i s output transcrip tio ns to MLF s off

-f do full state alignment off

-l output labels at frame centres frame ends

-m append log probs for each state none

-n s load network from s none

-o s extensio n for output label files seg

-s s insert interword /mo de l silence s none

-t f set pruning threshold 0.0

-w output word transcrip tio n only off

-x s extensio n for hmm files none

-y s external program used in demo mode none

-F fmt set data file format to fmt HTK
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-G fmt Set label file format to fmt HTK

-H s Set master input model file s none

-I s set master label file s none

-L s dir to find label file(s) current

-P fmt Set output label file format to fmt HTK

-S s set script file to s none

-T N set trace flags to N 0

-X s extensio n for input label files lab

Nearly all options in HAlignW w ork in the same w a y as in HAlign. Here, only those

options are listed whic h are new or di�eren t from HAlign.

-s s The in ter-w ord silence mo del s is inserted b et w een eac h source lab el as in

HAlign. Additionally , the mo del s is remo v ed from all w ord pron unciation

subnets. Th us, the true w ord end times are written to the aligned lab el �le

ev en if the w ord subnets con tain optional �nal in ter-w ord silence mo dels.

-w If this option is used, only an aligned w ord lev el lab el �le is generated.

A.1.4 HBst2Lab

The program HBst2Lab is used to con v ert N -b est lab el �les, m ulti lab el �les or result �le

generated b y HViteN or HViteM in to other �le formats. Single h yp otheses or sequence

(i.e. utterance) transcriptions can b e extracted and written to separate �les whic h ob ey

to the HTK lab el �le format. Additionally , one-line �les can b e generated. They con tain

a full h yp othesis (lab el transcription) p er line. Suc h a line lo oks lik e

-12.345678 a b c

and starts with the a v erage lik eliho o d p er time frame follo w ed b y the lab el sequence of

the h yp othesis.

HBst2Lab is used in the follo wing w a y:

USAGE: HBst2Lab[V 1.4 ] [options ] bstFiles. ..

Option Default

-a extract all sequences one sequence

-s N extract sequence N 1st sequence

-z s dir to store one-line files current

-L s dir to store label files current

-N N write N best label files off

-S f set script file to f none

-T N set trace flags to N 0

-X s extensio n for label files rec

-Z s extensio n for one-line files lin

The op eration of HBst2Lab can b e con trolled b y the follo wing options:

-a This option causes all transcriptions found in the input �les to b e written in

the one-line �les. It should not b e used together with options lik e -s and -N

and is mainly in tended to b e used with m ulti lab el �les.
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-s N This options sp eci�es whic h sequence (i.e. utterance) is extracted from a HViteM

result �le or a m ulti lab el �le.

-z s Set the directory to store the one-line �les. The directory of the input �le is

used as default.

-L s Set the directory to store the lab el �les. The curren t directory is used as

default.

-N N If this option is used, the N b est h yp otheses are extracted and written as

separate HTK lab el �les. Their �le names are build b y app ending 1 , 2 , : : :

to the base �le name of the input �le. The one-line �le always con tains all

h yp otheses found, not only the �rst N . If the input �le is a m ulti lab el �le, the

n um b er N is irrelev an t and nothing is app ended to the base �le name.

-S f This enables the script HTK �le f . An HTK script �le con tains one �le name

p er line. These �le names are app ended to the command line.

-T N Set the trace lev el to N . T race lev el 0 giv es no trace output, 1 giv es basic

progress information and 2 giv es maxim um tracing.

-X s Set the extension for the lab el �les (default: \rec").

-Z s Set the extension for the one-line �les (default: \lin").

A.1.5 w ordclust

The program w ordclust implemen ts sev eral di�eren t string cluster algorithms. It is mainly

in tended to b e used for the selection of training tok ens in the automatic lexicon generation

pro cess. The input �le has to b e a list of strings. A line in the input �le is assumed to

consist of sev eral �eld delimited b y blank space. A string is then a sequence of �elds in

a single input line. Sp ecial options ( -f and -r ) are pro vided to allo w m ulti one-line �les

generated b y HViteM directly to b e used as input �les.

The clustering algorithms implemen ted here are based on a string distance measure whic h

sets the costs of insertions, deletions and substitutions uniformly to 1. The distance

b et w een t w o strings is found using dynamic programming. The strings / w ords are assigned

to the cluster with nearest cen troid if this distance is not greater than the maxim um in tra-

cluster distance. After the clustering, the generated clusters are sorted according to their

size (n um b er of mem b ers) so that the biggest cluster b ecomes the top cluster.

Finally , the generated string clusters and their cen troids are written to the output �le.

The program can also handle sets of strings that mak e up separate w ords (e.g. N-b est

transcriptions of a tok en). A sp ecial custering metho d is pro vided to estimate the most

lik ely transcription of a w ord based up on the tok en scores a v ailable in HViteM's m ulti

one-line �le. The program emplo ys dynamic data structure to obtain reasonable short

execution times.

w ordclust is used in the follo wing w a y:

Usage: wordclust [options] infile outfile

Options:

-f S first field in lines between words (1 word per line)
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-r read score before string (off)

-h N skip N fields before score/str in g (0)

-d F max. intra-clu ste r distance (0.0)

-l F aver. length factor for max. dist. (0.0)

-p F score penalty (0.0)

-x F score penalty dist. factor (0.0)

-y F score penalty dist. exp. (1.0)

-a F min. rel. reduct. of tot. distortio n (-1.0 = off)

-i N max. number of iteration s (unlimite d)

-s N max. num. of strings per word loaded (all)

-w N max. num. of strings per word written (all)

-c N max. num. of clusters written (all)

-n S write top cluster indices to file S (off)

-z S write top cluster centroid to file S (off)

-t N trace output (0=off .. 3=full) (off)

-m N clusterin g method (0)

-o N clusterin g options (bitvector) (0)

method

options

0 word clusterin g

+1 update centroid immediate ly

+2 resort clusters after iteratio n

1 string clustering

+1 update centroid immediate ly

+2 resort clusters after iteratio n

+4 word output (word once in biggest cluster)

2 string clustering (word max. once in cluster)

+1 update centroid immediate ly

+2 resort clusters after iteratio n

+4 word output (word once in biggest cluster)

3 opt. score sum

4 sequentia l string clusterin g (-i sets max # clusts)

+2 resort clusters

+4 word output (word once in biggest cluster)

The op eration of w ordclust can b e con trolled b y the follo wing options:

-f S If this option is used, sev eral strings can b e loaded for eac h w ord. S is the �rst

�eld in the lines separating the di�eren t w ords in the input �le. F or a m ulti

one-line �le, '##' should b e used as parameter of -f .

-r If this option is used, the �rst (unskipp ed) �eld in a line is assumed to b e the

lik eliho o d score of the string starting in the next �eld. The score information

is only used b y clustering metho d 3.

-h N Set the n um b er of �elds N in a line to b e skipp ed b efore the string actually

starts.

-d F Set the maxim um in tra-cluster string distance d

max

to F .

-l F Increase the maxim um in tra-cluster string distance d

max

b y the a v erage length

of the loaded strings m ultiplied with the factor F .

-p F Set the score p enalt y p to F .

-x F Set the distance score p enalt y factor x to F .
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-y F Set the distance score p enalt y exp onen t y to F .

-a F Set the minim um required relativ e reduction a of the total distortion to F . The

clustering using metho d 0, 1 or 2 is ended if the relativ e reduction of the total

distortion b et w een t w o iterations is less than a .

-i N Set the maxim um n um b er of iterations i to N . If clustering metho d 4 is used,

N sp eci�es the maxim um n um b er of clusters to b e generated.

-s N Load maxim um N strings for eac h w ord.

-w N W rite maxim um N strings for eac h w ord in the output �le.

-c N W rite maxim um N clusters to the output �le.

-n S W rite the indices of the strings / w ords in the top cluster to the �le S . This

�le can b e used with HViteM's option -g .

-z S W rite top cluster cen troid to the �le S .

-t N Set the trace lev el to N . T race lev el 0 giv es no trace output, 1 giv es basic

progress information and 2 and 3 giv e more detailed tracing.

-m N Set clustering metho d to N .

-o N Set clustering options to N . The parameter N is treated as a v ector of binary


ags.

The follo wing clustering metho ds are a v ailable:

0 The loaded w ords are clustered using a nearest neigh b our clustering algorithm.

The distance b et w een a w ord and a cluster cen troid string is calculated as the

sum of the string distances of the w ord's strings and the cen troid.

1 The loaded strings are clustered using a nearest neigh b our clustering algorithm.

2 This metho d is similar to metho d 1. The only di�erence is that here only one

string p er w ord is allo w ed to b elong to a giv en cluster.

3 This metho d tries to �nd the string with the maxim um lik eliho o d score when

a v eraged for all w ords. F or all loaded strings, this a v erage score is calculated. If

a giv en string is not within the set of strings b elonging to a w ord, the score for

that w ord is estimated. The estimate used is the minim um of the w orst score

in that w ord and the score of the most similar string reduced b y p + x ( d

y

min

),

where d

min

is the distance to the most similar string.

4 The loaded string are clustered using an unsup ervised sequen tial clustering

algorithm.

The follo wing binary 
ags in the option v ector can b e used:

1 If this 
ag is set, the cluster cen troid is up dated immediately after a new string

is added to the cluster. Normally , the cen troids are up dated the end of eac h

iteration.
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2 The clusters are resorted after eac h iteration so that the biggest cluster comes

to the top of the cluster list.

4 After the clustering, the generated clusters are pruned in suc h a w a y that for

eac h w ord only the string b elonging to the biggest cluster is retained.

A.2 Utili t y Programs

Sev eral smaller utilit y programs w ere written during this thesis w ork. They are describ ed

brie
y no w.

A.2.1 NResults

The program NResults is used to giv e recognition statistics for a set of N-b est lab el �les

generated b y HViteN. First, these �les ha v e to b e con v erted to one-line �le b y HBst2Lab.

NResults needs a �le con taining a list of one-line �le names as input. Also an MLF

(Master Lab el File) con taining the correct transcriptions of the recognised utterances

m ust b e sp eci�ed. Then, all listed one-line �les are pro cessed and it is coun ted ho w man y

correct h yp otheses w ere found in the 1st, 2nd, : : : , maxN 'th rank. After all �les ha v e b een

pro cessed, the v alues of the maxN coun ters are written to the result �le. As a maxN +1'th

line, the n um b er of utterances with no correct h yp otheses among the top maxN is app ended.

NResults is used in the follo wing w a y:

Usage: NResults maxN linfileli st MLFfile resultfile

A.2.2 bst2�g

The program bst2�g is used to con v ert an N -b est lab el �le generated b y HViteN in to a

\.�g" data �le for the graphic editor program x�g. Th us, a graphically presen tation of

the di�eren t N -b est time-aligned h yp otheses of an utterance can b e obtained. maxN is the

n um b er of h yp otheses sho wn, correct is the rank of the correct h yp othesis and maxt is

the length of the utterance in seconds.

bst2�g is used in the follo wing w a y:

Usage: bst2fig maxN correct maxt bstfile figfile

A.2.3 lin2dct

The program lin2dct is used to con v ert a set of result �les from HViteM in to a lexicon

(dictionary) in the RMTK format. First, the result �les ha v e to b e con v erted to one-line

�les b y HBst2Lab. When starting lin2dct, these �les are exp ected in the curren t directory ,

ha ving the name of the w ords in the lexicon as base names and extension sp eci�ed in the

command line. It is also necessary to sp ecify a list of w ords for the lexicon to b e generated.

The mode sp eci�es what to do if no new transcription for a w ord is found. In mo de c , the

w ord's en try in the w ord list is written to the new lexicon, assuming that the w ord list
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�le itself is e.g. another lexicon. Otherwise, (no file) or (no entry) is written. The

resulting lexicon migh t lo ok lik e

ABERDEEN ae b er d iy n

ABOARD ax b ao r dd

ABOVE ax b ah v

...

lin2dct is used in the follo wing w a y:

Usage: lin2dct mode extension wordlist outdict

mode 'c': copy wordlist entry if no new entry found

others : (no file)/(no entry) if no new entry found

A.2.4 extractdct

The program extractdct extracts the en tries for those w ords from the new lexicon (dictio-

nary) that also ha v e an en try in the reference lexicon and writes the resulting lexicon to

stdout. If the option -r is used, the reference lexicon en try is written instead of the new

lexicon en try . The order of the en tries written is still determined b y their order in the new

lexicon. If the option -j is used, b oth lexica are joined. This means that, if a w ord in the

new lexicon also has an en try in the reference lexicon, the reference en try is written, while

otherwise the new en try is written.

extractdct is used in the follo wing w a y:

Usage: extractdct [-r|-j] newdict refdect

A.2.5 cmp dct

The program cmp dct compares a new lexicon (dictionary) with a reference lexicon. The

n um b er of equal and di�eren t en tries is found. Is is also coun ted ho w man y of the new

en tries are (no entry) or (no file) and for ho w man y new en tries no reference en try

w as a v ailable.

cmp dct is used in the follo wing w a y:

Usage: cmpdct newdict refdect

A.2.6 dct2net

The program dct2net tak es the transcription of word in the lexicon dict and con v erts it

in to a net w ork �le in the HTK format. If the option -s is used, sil is added as an optional

silence mo del to the b eginning and end of the net w ork. The generated net w ork �le migh t

lo ok lik e

([sil] a b c [sil])

dct2net is used in the follo wing w a y:

Usage: dct2net [-s sil] word dict outnet
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A.2.7 mksrc

The program mksrc generates an output �le that, for eac h line of the input �le, con tains

a line concatenating progname and the �rst �eld of the input �le line. It is mainly used

to generate shell script �les that pro cess all en tries in a lexicon.

mksrc is used in the follo wing w a y:

Usage: mksrc progname infile outfile

A.2.8 randhead

The program randhead is mainly used to scram ble the lines of a �le randomly . In a �rst

step, randhead (in mo de + ) adds random n um b ers (5 digits) are as a �rst �eld to all input

lines. Then, the new �le is sorted using the UNIX to ol \sort". Finally , randhead is used to

remo v e the �rst �eld (the random n um b er) from all input lines. If no input �le is sp eci�ed,

stdin is used. The output is written to stdout.

randhead is used in the follo wing w a y:

Usage: randhead mode [infile]

mode '+': add random numbers & blank as line header

others : remove numbers & blanks as line header

A.2.9 wgrep

The program wgrep b eha v es similar to the UNIX to ol \grep". It writes all those input

lines to stdout the con tain the �eld string . A �eld is delimited b y blank space or the

b eginning or end of a line. If no input �le is sp eci�ed, stdin is used. If the option -c is

used, only the n um b er of lines found is written.

wgrep is used in the follo wing w a y:

Usage: wgrep [-c] string [infile]

A.3 Script Files for the Automatic Lexicon Generation

In this section, the UNIX script �les that w ere written to simplify the automatic generation

of lexica are brie
y describ ed. Then, as an example, the pro cess of generating and testing

a new lexicon is illustrated for the lexicon \clust100".

A.3.1 Script File Descriptions

The UNIX script �les describ ed here are mainly used to set all the parameters needed b y

the di�eren t programs and th us a v oid t yping v ery long command lines man ually . Most

of the script �le can handle only a single w ord (lexicon en try) at the time. Therefore

they m ust b e called for all w ords in the lexicon. The utilit y program mksrc simpli�es this



Program Descriptions A.3 Script Files for the Automatic Lexicon Generation 87

pro cess b y generating a script �le that calls another script �le for eac h w ord in a lexicon

(sending the w ord as a parameter to the called script �le). cn tmono is an example of a

script �le generated in this w a y .

Most of the script �les here require a sp eci�c directory structure for the di�eren t data �les.

They normally also m ust b e started from the correct curren t directory . But it should not

b e di�cult to mo dify them so that they can b e used with other directory structures.

Some of the script �les exp ect �le names to b e sp eci�ed in shell v ariables. The script �les

listed here require access to sev eral of the �les that are generated when the basic HMM

recogniser for the RM task is build according to the RMTK recip e. It also should b e noted

that most of the script �les pro duce a log �le.

� clust m1: This script �le m ust b e called with a W ORD as parameter. It requires

the m ulti one-line �le for that W ORD, runs w ordclust to �nd the biggest cluster

for that w ord and writes the indices of the tok ens in that cluster to a �le called

W ORD.idx.

� clust m3: This script �le m ust b e called with a W ORD as parameter. It requires

the m ulti one-line �le for that W ORD, runs w ordclust to estimate the most lik ely

transcription and app end this transcription to a lexicon �le called dct.

� cn t wrd: This script �le m ust b e called with a W ORD as parameter. It calls wgrep

to coun t the n um b er of tok ens of a giv en W ORD in the MLFs (master lab el �les)

con taining the w ord-lev el transcriptions of the 4 di�eren t test sets and app ends the

coun ts found to the w ord coun t �les for these test sets.

� cn t wrd trn: Same as cn t wrd, but instead of the tok ens in the test sets, the tok ens

in the training set are coun ted.

� hlexr100m1: This script �le m ust b e called with a W ORD as parameter. It

runs HViteMm to �nd the most lik ely transcription for the tok ens of the giv en

W ORD sp eci�ed in the �le W ORD.idx. Then HBst2Lab is called to generate the

�le W ORD.lin con taining only a single line with the transcription found. Sev eral pa-

rameters and �les needed b y HViteMm are sp eci�ed in this script �le. Similar script

�les are used to generate the other lexica with di�eren t parameters for HViteMm.

� h w align: This script �le calls HAlignW to obtain a time-aligned w ord-lev el MLF

(master lab el �les) for the whole training set. The not time-aligned w ord-lev el MLF

pro vided b y the RMTK is needed here.

� h w align test: Same as h w align, but generates the time-aligned w ord-lev el MLFs

for the 4 test sets.

� rtest: This script �le runs the RMTK to ol HSnor2Net to generate an HTK net w ork

�le based on the lexicon in the �le dct and using the w ord-pair grammar a v ailable

in RMTK. Hereafter, HVite and HResults are executed to obtain the recognition

statistics for the lexicon dct. This is done similar to recognition tests in the RMTK

recip e. The test set to b e used m ust b e sp eci�ed as a parameter of this script �le.

� tscore: This script �le m ust b e called with a W ORD as parameter. It �rst calls

dct2net to generate a net w ork �le according to the transcription of W ORD in the

lexicon sp eci�ed in the shell v ariable WDCT. Then HViteM is called to �nd the
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scores of the tok ens of W ORD in the test set sp eci�ed b y the shell v ariable WTEST

for the giv en transcription in the lexicon. The tok en scores (lines starting with -- )

and the a v erage score for W ORD (line starting with ++ ) are copied to the log �le.

� wrlist: This script �le m ust b e called with a W ORD as parameter. It runs HViteM

to generate the m ulti one-line �le for the W ORD. This �le is called W ORD.n10 and

con tains the 10-b est transcriptions and their scores for all tok ens of the W ORD in

the training set.

� wscore: Same as tscore, but only the a v erage w ord score is copied to the log �le.

A.3.2 Generating and T esting the Lexicon \clust100"

T o giv e an example of ho w the di�eren t programs and script �les are used for the automatic

lexicon generation, the pro cess of generating and testing the lexicon \clust100" is describ e

here. This description do es not care ab out the details of the directory structure for the

di�eren t data �les. T o indicate the computation requiremen ts, the CPU time needed to

run the programs on a SUN SP AR Cstation IPX is giv en in \hours:min utes" here.

First, a randomly scram bled v ersion of the HTK script �le ind trn109.scp con taining the

�le names of all the 3990 sp eec h �les in the training set is generated using the utilit y

program randhead. This �le causes that a r andom subset of the training tok ens for a w ord

is used when the n um b er of tok ens is limited to a giv en v alue.

randhead + ind_trn10 9.s cp | sort | randhead - > rand_ind_tr n1 09. scp

It is necessary to ha v e time-aligned w ord-lev el transcriptions of the training utterances to

b e able to cut out the di�eren t tok ens of a w ord from the training set. They are obtained

using the script �le h w align (00:50 CPU time). Also h w align test should b e called to get

time-aligned w ord-lev el transcriptions of the test utterances.

source hwalign

source hwalign_te st

No w the 10-b est transcriptions (h yp otheses) for all tok ens in the training set are generated

using the script �le wrlist (15:15 CPU time). The original lexicon mono.dct is only used

as a list of all 991 p ossible w ords.

mksrc wrlist mono.dct rankall

source rankall

The n um b er of tok ens for the di�eren t w ords in the training set is found using the script

�le cn t wrd trn. The the subset of the w ord list con taining all w ords that ha v e at least one

tok en in the training set is generated.

mksrc cntwrd_tr n mono.dct cntall

source cntall

grep -v ' 0' cntwrd.out > cntwrd.out _g e1

The script �le clust m1 is used to p erform for eac h w ord the clustering based on the tok ens'

10-b est transcriptions and to generate the list of the tok ens b elonging to the biggest cluster

(00:50 CPU time).
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mksrc clust_m1 cntwrd.out _ge 1 clustall

source clustall

Based on the output of the clustering, the most lik ely transcriptions for all w ords are found

using the script �le hlexr100m1 (10:50 CPU time).

mksrc hlexr100m 1 cntwrd.out_ ge 1 genall

source genall

The \.lin" �les generated b y hlexr100m1 for ev ery w ord are used to generate the new lexi-

con max100m1.dct. The list of those w ords where the automatic lexicon generation failed

is written to the �le F AILED W ORDS (whic h should b e empt y). F or those w ords where

no lexicon en try could b e generated, the original lexicon en try is copied from mono.dct

and �nally the complete lexicon is written to the �le clust100.dct.

lin2dct a lin cntwrd.ou t_ ge1 max100m1. dct

grep '(no' max100m1. dct > FAILED_WOR DS

grep -v '(no' max100m1. dc t > max100m1. dct _f oun d

extractdct -j mono.dct max100m1.d ct_ fo und | sort > clust100.d ct

T o measure the p erformance of the new lexicon, the lik eliho o d scores of the new transcrip-

tions are calculated for all tok ens in a test set (here: feb89) using the script �le tscore

(01:30 CPU time). A t this p oin t, the time-aligned w ord-lev el MLF for the test set (as

generated b y h w align test) is required. The lik eliho o d scores for all tok ens in the test set

and the a v erage lik eliho o d scores for all w ords in the test set are extracted from the log

�le. The �les feb89 score.tok en and feb89 score.w ord can b e quite easily con v erted to a

�le format that can b e loaded e.g. b y MA TLAB for further pro cessing.

mksrc tscore mono.dct scoreall

set WDCT = clust100. dct

set WTEST = feb89

set WLOG = feb89_sco re. lo g

source scoreall

grep -e '--' feb89_scor e. log | randhead - > feb89_scor e. tok en

grep -e '++' feb89_scor e. log | randhead - > feb89_scor e. wor d

Finally , a recognition test using the new lexicon and a w ord-pair grammar is p erformed

b y the script �le rtest (02:30 CPU time). The recognition statistics obtained are copied

to a �le called results.

cp clust100. dct dct

source rtest feb89

tail -7 feb89.log > results


