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A statistic al mo del for se gmentation and wor d disc overy in c ontinuous sp e e ch is pr esente d.

A n incr emental unsup ervise d le arning algorithm to infer wor d b oundaries b ase d on this

mo del is describ e d. R esults of empiric al tests showing that the algorithm is c omp etitive

with other mo dels that have b e en use d for similar tasks ar e also pr esente d.

In tro ductio n

English sp eec h lac ks the acoustic analog of blank spaces that p eople are accustomed to

seeing b et w een w ords in written text. Disco v ering w ords in con tin uous sp ok en sp eec h then

is an in teresting problem that has b een treated at length in the literature. The issue is

particularly prominen t in the parsing of written text in languages that do not explicitly

include spaces b et w een w ords, and in the domain of c hild language acquisition if w e

assume that c hildren start out with little or no kno wledge of the in v en tory of w ords the

language p ossesses.

1

While it is undoubtedly the case that although sp eec h lac ks explicit

demarcation of w ord b oundaries, it nev ertheless p ossesses signi�can t other cues for w ord

disco v ery , it is still a matter of in terest to see exactly ho w m uc h can b e ac hiev ed without

the incorp oration of these other cues, that is, w e are in terested in the p erformance of

a b ar e-b ones language mo del. F or example, there is m uc h evidence that stress patterns

(Jusczyk, Cutler, and Redanz, 1993; Cutler and Carter, 1987) and phonotactics of sp eec h

(Matt ys and Jusczyk, 1999) are of considerable aid in w ord disco v ery . But a bare-b ones

1 See, ho w ev er, w ork in Jusczyk and Hohne (1997) and Jusczyk (1997) that presen ts strong evidence

in fa v or of a h yp othesis that c hildren already ha v e a reasonably p o w erful and accurate lexicon at

their disp osal as early as 9 mon ths of age.
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statistical mo del is still useful in that it allo ws us to quan tify precise impro v emen ts in

p erformance up on the in tegration of eac h sp eci�c cue in to the mo del. W e presen t and

ev aluate one suc h statistical mo del in this pap er.

2

The main con tributions of this study are as follo ws: First, it demonstrates the appli-

cabilit y and comp etitiv eness of a conserv ativ e traditional approac h for a task for whic h

non traditional approac hes ha v e b een prop osed ev en recen tly (Bren t, 1999; Bren t and

Cart wrigh t, 1996; de Marc k en, 1995; Elman, 1990; Christiansen, Allen, and Seiden b erg,

1998). Second, although the mo del leads to the dev elopmen t of an algorithm that learns

the lexicon in an unsup ervised fashion, results of partial sup ervision are presen ted, sho w-

ing that its p erformance is consisten t with results from learning theory . Third, the study

extends previous w ork to higher-order n -grams, sp eci�cally up to trigrams and discusses

the results in their ligh t. Finally , results of exp erimen ts suggested in Bren t (1999) re-

garding di�eren t w a ys of estimating phoneme probabilities are also rep orted. Wherev er

p ossible, results are a v eraged o v er 1000 rep etitions of the exp erimen ts, th us remo ving an y

p oten tial adv an tages the algorithm ma y ha v e had due to ordering idiosyncrasies within

the input corpus.

Section 1 brie
y discusses related literature in the �eld and recen t w ork on the same

topic. The mo del is describ ed in Section 2. Section 3 describ es an unsup ervised learning

algorithm based directly on the mo del dev elop ed in Section 2. This section also describ es

the data corpus used to test the algorithms and the metho ds used. Results are presen ted

and discussed in Section 4. Finally , the �ndings in this w ork are summarized in Section 5.

2 Implemen ta tion s of all the programs discussed in this pap er and the input corpus are readily

a v ailable up on request from the author. The programs (totaling ab out 900 lines) ha v e b een written

in C++ to compile under Unix/Lin ux. The author will assist in p orting it to other arc hitecture s or

to v ersions of Unix other than Lin ux or SunOS/Solaris if required.
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1 Related W ork

While there exists a reasonable b o dy of literature with regard to text segmen tation, es-

p ecially with resp ect to languages suc h as Chinese and Japanese, whic h do not explicitly

include spaces b et w een w ords, most of the statistically based mo dels and algorithms tend

to fall in to the sup ervised learning category . These require the mo del to �rst b e trained

on a large corpus of text b efore it can segmen t its input.

3

It is only recen tly that in terest

in unsup ervised algorithms for text segmen tation seems to ha v e gained ground. A no-

table exception in this regard is the w ork b y Ando and Lee (1999) whic h tries to infer

w ord b oundaries from c haracter n -gram statistics of Japanese Kanji strings. F or exam-

ple, a decision to insert a w ord b oundary b et w een t w o c haracters is made solely based

on whether c haracter n -grams adjacen t to the prop osed b oundary are relativ ely more

frequen t than c haracter n -grams that straddle it. This algorithm, ho w ev er, is not based

on a formal statistcal mo del and is closer in spirit to approac hes based on transitional

probabilit y b et w een phonemes or syllables in sp eec h. One suc h approac h deriv es from

exp erimen ts b y Sa�ran, Newp ort, and Aslin (1996) suggesting that y oung c hildren migh t

place w ord b oundaries b et w een t w o syllables where the second syllable is surprising giv en

the �rst. This tec hnique is describ ed and ev aluated in Bren t (1999). Other approac hes

not based on explicit probabilit y mo dels include those based on information theoretic

criteria suc h as minim um description length (Bren t and Cart wrigh t, 1996; de Marc k en,

1995) and simple recurren t net w orks (Elman, 1990; Christiansen, Allen, and Seiden b erg,

1998). The maxim um lik eliho o d approac h due to Olivier (1968) is probabilistic (see also

Batc helder (1997)) in the sense that it is geared to w ard explicitly calculating the most

probable segmen tation of eac h blo c k of input utterances. Ho w ev er, the algorithm in v olv es

heuristic steps in p erio dic purging of the lexicon and in the creation of new w ords in it.

3 See for example Zimin and Tseng (1993).
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F urthermore, this approac h is again not based on a formal statistical mo del. Mo del Based

Dynamic Programming, hereafter referred to as MBDP-1 (Bren t, 1999), is probably the

most recen t w ork that addresses exactly the same issue as that considered in this pap er.

Both the approac h presen ted in this pap er and Bren t's MBDP-1 are unsup ervised ap-

proac hes based on explicit probabilit y mo dels. T o a v oid needless rep etition, w e describ e

only Bren t's MBDP-1 and direct the in terested reader to Bren t (1999), whic h pro vides

an excellen t review and ev aluation of man y of the algorithms men tioned ab o v e.

Bren t's mo del-based dynamic programming metho d

Bren t (1999) describ es a mo del-based approac h to inferring w ord b oundaries in c hild-

directed sp eec h. As the name implies, this tec hnique uses dynamic programmi ng to infer

the b est segmen tation. It is assumed that the en tire input corpus, consisting of a concate-

nation of all utterances in sequence, is a single ev en t in probabilit y space and that the b est

segmen tation of eac h utterance is implied b y the b est segmen tation of the corpus itself.

The mo del th us fo cuses on explicitly calculating probabilities for ev ery p ossible segmen-

tation of the en tire corpus, subsequen tly pic king the segmen tation with the maxim um

probabilit y . More precisely , the mo del attempts to calculate

P( � w

m

) =

X

n

X

L

X

f

X

s

P( � w

m

j n; L; f ; s ) � P( n; L; f ; s )

for eac h p ossible segmen tation of the input corpus where the left-hand side is the exact

probabilit y of that particular segmen tation of the corpus in to w ords �w

m

= w

1

w

2

� � � w

m

and the sums are o v er all p ossible n um b ers of w ords, n , in the lexicon, all p ossible

lexicons, L , all p ossible frequencies, f , of the individual w ords in this lexicon and all

p ossible orders of w ords, s , in the segmen tation. In practice, the implem en tation uses an

incremen tal approac h that computes the b est segmen tation of the en tire corpus up to
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step i , where the i th step is the corpus up to and including the i th utterance. Incremen tal

p erformance is th us obtained b y computing this quan tit y anew after eac h segmen tation

i � 1, assuming, ho w ev er, that segmen tations of utterances up to but not including i are

�xed.

There are t w o problems with this approac h. First, the assumption that the en tire

corpus of observ ed sp eec h b e treated as a single ev en t in probabilit y space app ears rather

radical. This fact is appreciated ev en in Bren t (1999, p.89), whic h states \ F r om a c o gnitive

p ersp e ctive, we know that humans se gment e ach utter anc e they he ar without waiting until

the c orpus of al l utter anc es they wil l ever he ar b e c omes available ." Th us, although the

incremen tal algorithm in Bren t (1999) is consisten t with a dev elopmen tal mo del, the

formal statistical mo del of segmen tation is not.

Second, making the assumption that the corpus is a single ev en t in probabilit y space

signi�can tly increases the computational complexit y of the incremen tal algorithm. The

approac h presen ted in this pap er circum v en ts these problems through the use of a con-

serv ativ e statistical mo del that is directly implemen table as an incremen tal algorithm. In

the follo wing section, w e describ e the mo del and ho w its 2-gram and 3-gram extensions

are adapted for implem en tation.

2 Mo del Descripti on

The language mo del describ ed here is fairly standard in nature. The in terested reader is

referred to Jelinek (1997, p.57{78), where a detailed exp osition can b e found. Basically ,
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w e seek

^

W = argmax

W

P( W ) (1)
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W
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where W = w

1

; � � � ; w

n

with w

i

2 L denotes a particular string of n w ords b elonging to

a lexicon L .

The usual n -gram appro ximation is made b y grouping histories w

1

; � � � ; w

i � 1

in to

equiv alence classes, allo wing us to collapse con texts in to histories at most n � 1 w ords

bac kw ards (for n -grams). Estimations of the required n -gram probabilities are then done

with relativ e frequencies using b ack-o� to lo w er-order n -grams when a higher-order es-

timate is not reliable enough (Katz, 1987). Bac k-o� is done using the Witten and Bell

(1991) tec hnique, whic h allo cates a probabilit y of N

i

= ( N

i

+ S

i

) to unseen i -grams at eac h

stage, with the �nal bac k-o� from unigrams b eing to an op en v o cabulary where w ord

probabilities are calculated as a normalized pro duct of phoneme or letter probabilities.

Here, N

i

is the n um b er of distinct i -grams and S

i

is the sum of their frequencies. The

mo del can b e summarized as follo ws:
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where C () denotes the coun t or frequency function, k

i

denotes the length of w ord w

i

,

excluding the sen tinel c haracter, `#', w

i

[ j ] denotes its j th phoneme, and r () denotes the

relativ e frequency function. The normalization b y dividing using 1 � r (#) in Equation (7)

is necessary b ecause otherwise

X

w

P( w ) =

1

X

i =1

(1 � P(#))

i

P(#) (8)

= 1 � P(#) (9)

Since w e estimate P( w [ j ]) b y r ( w [ j ]), dividing b y 1 � r (#) will ensure that

P

w

P( w ) = 1 :

3 Metho d

As in Bren t (1999), the mo del describ ed in Section 2 is presen ted as an incremen tal

learner. The only kno wledge built in to the system at start-up is the phoneme table with

a uniform distribution o v er all phonemes, including the sen tinel phoneme. The learning

algorithm considers eac h utterance in turn and computes the most probable segmen ta-
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tion of the utterance using a Viterbi searc h (Viterbi, 1967) implemen ted as a dynamic

programmi ng algorithm describ ed shortly . The most lik ely placemen t of w ord b ound-

aries computed th us is committed to b efore considering the next presen ted utterance.

Commi tting to a segmen tation in v olv es learning unigram, bigram and trigram, as w ell as

phoneme frequencies from the inferred w ords. These are used to up date the resp ectiv e

tables.

T o accoun t for e�ects that an y sp eci�c ordering of input utterances ma y ha v e on the

segmen tations that are output, the p erformance of the algorithm is a v eraged o v er 1000

runs, with eac h run receiving as input a random p erm utation of the input corpus.

3.1 The input corpus

The corpus, whic h is iden tical to the one used b y Bren t (1999), consists of orthographic

transcripts made b y Bernstein-Ratner (1987) from the CHILDES collection (MacWhin-

ney and Sno w, 1985). The sp eak ers in this study w ere nine mothers sp eaking freely to

their c hildren, whose ages a v eraged 18 mon ths (range 13{21). Bren t and his colleagues

transcrib ed the corpus phonemically (using the ASCI I phonemic represen tation in the

app endix to this pap er) ensuring that the n um b er of sub jectiv e judgmen ts in the pro-

n unciation of w ords w as minim ized b y transcribing ev ery o ccurrence of the same w ord

iden tically . F or example, \lo ok", \drink" and \doggie" w ere alw a ys transcrib ed \lUk",

\drINk" and \dOgi" regardless of where in the utterance they o ccurred and whic h mother

uttered them in what w a y . Th us transcrib ed, the corpus consists of a total of 9790 suc h

utterances and 33,399 w ords including one space after eac h w ord and one newline after

eac h utterance. F or purp oses of illustration, T able 1 lists the �rst 20 suc h utterances from

a random p erm utation of this corpus.

It is notew orth y that the c hoice of this particular corpus for exp erimen tation is

motiv ated purely b y its use in Bren t (1999). As has b een p oin ted out b y review ers of an

8
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Phonemic T ranscription Orthographic English text

hQ sIli 6v mi Ho w silly of me

lUk D*z D6 b7 wIT hIz h&t Lo ok, there's the b o y with his hat

9 TINk 9 si 6nADR bUk I think I see another b o ok

tu Tw o

DIs wAn This one

r9t WEn De wOk Righ t when they w alk

h uz an D6 tEl6fon &lIs Who's on the telephone, Alice?

sIt dQn Sit do wn

k&n yu �d It tu D6 dOgi Can y ou feed it to the doggie?

D* There

du yu si hIm h( Do y ou see him here?

lUk Lo ok

yu w an t It In Y ou w an t it in

W* dId It go Where did it go?

&nd W A t # Doz And what are those?

h9 m6ri Hi Mary

ok e Its 6 cIk Ok a y it's a c hic k

y& lUk W A t yu dId Y eah, lo ok what y ou did

ok e Ok a y

tek It Qt T ak e it out

T able 1

Tw en t y randomly c hosen utterances from the input corpus with their orthographic transcripts.

See the app endix for a list of the ASCI I represen tations of the phonemes.

earlier v ersion of this pap er, the algorithm is equally applicable to plain text in English

or other languages. The main adv an tage of the CHILDES corpus is that it allo ws for

ready comparison with results hitherto obtained and rep orted in the literature. Indeed,

the relativ e p erformance of all the discussed algorithms is mostly unc hanged when tested

on the 1997 Switc h b oard telephone sp eec h corpus with dis
uency ev en ts remo v ed.

3.2 Algorithm

The dynamic programmi ng algorithm �nds the most probable w ord sequence for eac h

input utterance b y assigning to eac h segmen tation a score equal to its probabilit y and

committi ng to the segmen tation with the highest score. In practice, the implemen tation

computes the negativ e logarithm of this score and th us commits to the segmen tation

with the least negativ e logarithm of the probabilit y . The algorithm for the unigram

language mo del is presen ted in recursiv e form in Figure 1 for readabilit y . The actual

implem en tation, ho w ev er, used an iterativ e v ersion. The algorithm to ev aluate the bac k-

9
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o� probabilit y of a w ord is giv en in Figure 2. Algorithms for bigram and trigram language

mo dels are straigh tforw ard extensions of that giv en for the unigram mo del. Essen tially ,

the algorithm description can b e summed up semiformall y as follo ws: F or eac h input

utterance u , w e ev aluate ev ery p ossible w a y of segmen ting it as u = u

0

+ w where u

0

is

a subutterance from the b eginning of the original utterance upto some p oin t within it

and w , the lexical di�erence b et w een u and u

0

, is treated as a w ord. The subutterance

u

0

is itself ev aluated recursiv ely using the same algorithm. The base case for recursion

when the algorithm rewinds is obtained when a subutterance cannot b e split further in to

a smaller comp onen t subutterance and w ord, that is, when its length is zero. Supp ose

for example, that a giv en utterance is ab c de , where the letters represen t phonemes. If

seg ( x ) represen ts the b est segmen tation of the utterance x and w ord ( x ) denotes that x

is treated as a w ord, then

seg ( abcde ) = b est of

8

>

>

>

>

>

>

>

>

>

>

>

>

>

>

<

>

>

>

>

>

>

>

>

>

>

>

>

>

>

:

w ord ( abcde )

seg ( a ) + w ord ( bcde )

seg ( ab ) + w ord ( cde )

seg ( abc ) + w ord ( de )

seg ( abcd ) + w ord ( e )

The ev alUtterance algorithm in Figure 1 do es precisely this. It initially assumes the

en tire input utterance to b e a w ord on its o wn b y assuming a single segmen tation p oin t

at its righ t end. It then compares the log probabilit y of this segmen tation successiv ely to

the log probabilities of segmen ting it in to all p ossible subutterance, w ord pairs.

The implemen tatio n main tains four separate tables in ternally , one eac h for unigrams,

bigrams and trigrams and one for phonemes. When the pro cedure is initially started,

all the in ternal n -gram tables are empt y . Only the phoneme table is p opulated with
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equip ossible phonemes. As the program considers eac h utterance in turn and commits to

its b est segmen tation according to the ev alUtterance algorithm, the v arious in ternal

n -gram tables are up dated corresp ondingly . F or example, after some utterance \ab cde"

is segmen ted in to \a b c de", the unigram table is up dated to incremen t the frequencies

of the three en tries \a", \b c" and \de" eac h b y 1, the bigram table to incremen t the

frequencies of the adjacen t bigrams \a b c" and \b c de" and the trigram table to incremen t

the frequency of the trigram \a b c de".

4

F urthermore, the phoneme table is up dated to

incremen t the frequencies of eac h of the phonemes in the utterance including one sen tinel

for eac h w ord inferred.

5

Of course, incremen ting the frequency of a curren tly unkno wn

n -gram is equiv alen t to creating a new en try for it with frequency 1. Note that the v ery

�rst utterance is necessarily segmen ted as a single w ord. Since all the n -gram tables

are empt y when the algorithm attempts to segmen t it, all probabilities are necessarily

computed from the lev el of phonemes up. Th us, the more w ords in it, the more sen tinel

c haracters that will b e included in the probabilit y calculation and so that m uc h lesser will

b e the corresp onding segmen tation probabilit y . As the program w orks its w a y through

the corpus, correctly inferred n -grams b y virtue of their relativ ely greater prep onderance

compared to noise tend to dominate their resp ectiv e n -gram distributions and th us dictate

ho w future utterances are segmen ted.

One can easily see that the running time of the program is O ( mn

2

) in the total

n um b er of utterances ( m ) and the length of eac h utterance ( n ), assuming an e�cien t

implem en tation of a hash table allo wing nearly constan t lo okup time is a v ailable. Since

individual utterances t ypically tend to b e small, esp ecially in c hild-directed sp eec h as

evidenced in T able 1, the algorithm practically appro ximates to a linear time pro cedure.

4 Amending the algorithm to include sp ecial mark ers for the start and end of eac h utterance w as not

found to mak e a signi�can t di�erence in its p erformanc e.

5 In this con text, see also Section 4.2 regarding exp erimen ts with di�eren t w a ys of estimating

phoneme probabilities .
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3.2.1 Algorithm: ev alUtterance

BEGIN

Input (by ref) utterance u[0..n] where u[i] are the characters in it.

bestSegp oin t := n;

bestScor e := evalWord (u[ 0.. n] );

for i from 0 to n-1; do

subUtteranc e := copy(u[0.. i]) ;

word := copy(u[i+1 ..n ]);

score := evalUtter anc e(s ub Utt er anc e) + evalWord(w ord );

if (score < bestScore ); then

bestScore = score;

bestSegpoi nt := i;

fi

done

insertWo rdB oun da ry( u, bestSegpoi nt )

return bestScore ;

END

Figure 1

Recursiv e optimization algorithm to �nd the b est segmen tation of an input utterance using the

unigram language mo del describ ed in this pap er.

3.2.2 F unction: ev alW ord

BEGIN

Input (by reference ) word w[0..k] where w[i] are the phonemes in it.

score = 0;

if L.frequency (w ord ) == 0; then {

escape = L.size()/ (L. siz e( )+L .s umF req ue nci es ())

P_0 = phonemes.r el ati veF re que nc y(' #') ;

score = -log(escap e) -log(P_0/( 1-P _0) );

for each w[i]; do

score -= log(phone mes .r ela ti veF req ue ncy (w [i] )) ;

done

} else {

P_w = L.frequenc y( w)/ (L. si ze( )+ L.s umF re que nc ies () );

score = -log(P_w);

}

return score;

END

Figure 2

The function to compute � log P( w ) of an input w ord w . L stands for the lexicon ob ject. If the

w ord is no v el, then it bac ks o� to using a distribution o v er the phonemes in the w ord.

A single run o v er the en tire corpus t ypically completes in under 10 seconds on a 300 MHz

i686-based PC running Lin ux 2.2.5-15.

Although the algorithm is presen ted as an unsup ervised learner, a further exp eri-

men t to test the resp onsiv eness of eac h algorithm to training data is also describ ed. The

pro cedure in v olv ed reserving for training increasing amoun ts of the input corpus from

0% in steps of appro ximately 1% (100 utterances). During the training p erio d, the al-

12
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gorithm is presen ted the correct segmen tation of the input utterance, whic h it uses to

up date trigram, bigram, unigram and phoneme frequencies as required. After the initial

training segmen t of the input corpus has b een considered, subsequen t utterances are then

pro cessed in the normal w a y .

3.3 Scoring

In line with the results rep orted in Bren t (1999), three scores are rep orted | precision,

recall and lexicon precision. Precision is de�ned as the prop ortion of predicted w ords

that are actually correct. Recall is de�ned as the prop ortion of correct w ords that w ere

predicted. Lexicon precision is de�ned as the prop ortion of w ords in the predicted lexicon

that are correct. In addition to these, the n um b er of correct and incorrect w ords in the

predicted lexicon w ere computed, but they are not graphed here b ecause lexicon precision

is a go o d indicator of b oth.

Precision and recall scores are computed incremen tally and cum ulativ ely within scor-

ing blo c ks, eac h of whic h consisted of 100 utterances. These scores are computed and

a v eraged only for the utterances within eac h blo c k scored and th us they represen t the

p erformance of the algorithm only on the blo c k scored, o ccurring in the exact con text

among the other scoring blo c ks. Lexicon scores carried o v er blo c ks cum ulativ ely . Preci-

sion, recall and lexicon precision scores of the algorithm in the case when it used v arious

amoun ts of training data are computed o v er the en tire corpus. All scores are rep orted as

p ercen tages.

4 Results

Figures 3{5 plot the precision, recall and lexicon precision of the prop osed algorithm

for eac h of the unigram, bigram and trigram mo dels against the MBDP-1 algorithm.

Although the graphs compare the p erformance of the algorithm with only one published

13
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result in the �eld, comparison with other related approac hes is implicitly a v ailable. Bren t

(1999) rep orts results of running the algorithms due to Elman (1990) and Olivier (1968),

and also algorithms based on m utual information and transitional probabilit y b et w een

pairs of phonemes, o v er exactly the same corpus. These are all sho wn to p erform sig-

ni�can tly w orse than Bren t's MBDP-1. The random baseline algorithm in Bren t (1999)

whic h consisten tly p erforms with under 20% precision and recall, is not graphed for the

same reason. This baseline algorithm is giv en an imp ortan t adv an tage: It kno ws the exact

n um b er of w ord b oundaries, although it do es not kno w their lo cations. Bren t argued that

if MBDP-1 p erforms as w ell as this random baseline, then at the v ery least, it suggests

that the algorithm is able to infer information equiv alen t to kno wing the righ t n um b er of

w ord b oundaries. A second imp ortan t reason for not graphing the algorithms with w orse

p erformance is that the scale on the v ertical axis could b e expanded signi�can tly b y their

omission, th us allo wing distinctions b et w een the plotted graphs to b e seen more clearly .

The plots originally giv en in Bren t (1999) are o v er blo c ks of 500 utterances. Ho w ev er,

b ecause they are a result of running the algorithm on a single corpus, there is no w a y of

telling if the p erformance of the algorithm w as in
uenced b y an y particular ordering of

the utterances in the corpus. A further undesirable e�ect of rep orting results of a run on

exactly one ordering of the input is that there tends to b e to o m uc h v ariation b et w een

the v alues rep orted for consecutiv e scoring blo c ks. T o accoun t for b oth of these problems,

w e rep ort a v eraged results from running the algorithms on 1000 random p erm utations

of the input data. This has the b ene�cial side e�ect of allo wing us to plot with higher

gran ularit y since there is m uc h less v ariation in the precision and recall scores. They are

no w clustered m uc h closer to their mean v alues in eac h blo c k, allo wing a blo c k size of

100 to b e used to score the output. These plots are th us m uc h more readable than those

obtained without suc h a v eraging of the results.

One ma y ob ject that the original transcripts carefully preserv e the order of utterances

14
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directed at c hildren b y their mothers, and hence randomly p erm uting the corpus w ould

destro y the �delit y of the sim ulation. Ho w ev er, as w e argued, the p erm utation and a v er-

aging do es ha v e signi�can t b ene�cial side e�ects, and if an ything, it only eliminates from

the p oin t of view of the algorithms the imp ortan t adv an tage that real c hildren ma y b e

giv en b y their mothers through a sp eci�c ordering of the utterances. In an y case, w e ha v e

found no signi�can t di�erence in p erformance b et w een the p erm uted and unp erm uted

cases as far as the v arious algorithms w ere concerned.

In this con text, w e are curious to see ho w the algorithms w ould fare if in fact the

utterances w ere fa v orably ordered, that is, in order of increasing length. Clearly , this is

an imp ortan t adv an tage for all concerned algorithms. The results of exp erimen ting with

a generalization of this situation, where instead of ordering the utterances fa v orably ,

w e treat an initial p ortion of the corpus as a training comp onen t e�ectiv ely giving the

algorithms free w ord b oundaries after eac h w ord, are presen ted in Section 4.3.

4.1 Discussion

Clearly , the p erformance of the presen t mo del is comp etitiv e with MBDP-1 and as a

consequence with other algorithms ev aluated in Bren t (1999). Ho w ev er, w e note that the

mo del prop osed in this pap er has b een en tirely dev elop ed along con v en tional lines and

has not made the somewhat radical assumption of treating the en tire observ ed corpus as

a single ev en t in probabilit y space. Assuming that the corpus consists of a single ev en t,

as Bren t do es, requires the explicit calculation of the probabilit y of the lexicon in order

to calculate the probabilit y of an y single segmen tation. This calculation is a non trivial

task since one has to sum o v er all p ossible orders of w ords in L . This fact is recognized in

Bren t (1999), where the expression for P( L ) is deriv ed in App endix 1 of his pap er as an

appro ximation. One can imagine then that it will b e corresp ondingly more di�cult to ex-

tend the language mo del in Bren t (1999) past the case of unigrams. As a practical issue,
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Figure 3

Av eraged precision. This is a plot of the segmen tation precision o v er 100 utterance blo c ks

a v eraged o v er 1000 runs, eac h using a random p erm utation of the input corpus. Precision is

de�ned as the p ercen tage of iden ti�ed w ords that are correct, as measured against the target

data. The horizon tal axis represen ts the n um b er of blo c ks of data scored, where eac h blo c k

represen ts 100 utterances. The plots sho w the p erformance of the 1-gram, 2-gram, 3-gram and

MBDP-1 algorithms. The plot for MBDP-1 is not visible b ecause it coincides almost exactly

with the plot for the 1-gram mo del. Discussion of this lev el of similarit y is pro vided in

Section 4.5. The p erformance of related algorithms due to Elman (1990), Olivier (1968) and

others is implicitl y a v ailable in this and the follo wing graphs since Bren t (1999) demonstrates

that these all p erform signi�can tly w orse than MBDP-1.

recalculating lexicon probabilities b efore eac h segmen tation increases the running time of

an implemen tation of the algorithm. Although all the discussed algorithms tend to com-

plete within one min ute on the rep orted corpus, MBDP-1's running time is quadratic in

the n um b er of utterances, while the language mo dels presen ted here enable computation

in almost linear time. The t ypical running time of MBDP-1 on the 9790-utterance corpus

a v erages around 40 seconds p er run on a 300 MHz i686 PC while the 1-gram, 2-gram

and 3-gram mo dels a v erage around 7, 10 and 14 seconds resp ectiv ely .

F urthermore, the language mo dels presen ted in this pap er estimate probabilities as

relativ e frequencies using commonl y used bac k-o� pro cedures and so they do not assume
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Figure 4

Av eraged recall o v er 1000 runs, eac h using a random p erm utation of the input corpus.
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Figure 5

Av eraged lexicon precision o v er 1000 runs, eac h using a random p erm utation of the input

corpus.
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an y priors o v er in tegers. Ho w ev er, MBDP-1 requires the assumption of t w o distributions

o v er in tegers, one to pic k a n um b er for the size of the lexicon and another to pic k a

frequency for eac h w ord in the lexicon. Eac h is assumed suc h that the probabilit y of a

giv en in teger P( i ) is giv en b y

6

�

2

i

2

. W e ha v e since found some evidence suggesting that

the c hoice of a particular prior do es not ha v e an y signi�can t adv an tage o v er the c hoice

of an y other prior. F or example, w e ha v e tried running MBDP-1 using P( i ) = 2

� i

and

still obtained comparable results. It is notew orth y , ho w ev er, that no suc h sub jectiv e prior

needs to b e c hosen in the mo del presen ted in this pap er.

The other imp ortan t di�erence b et w een MBDP-1 and the presen t mo del is that

MBDP-1 assumes a uniform distribution o v er all p ossible w ord orders. That is, in a

corpus that con tains n

k

distinct w ords suc h that the frequency in the corpus of the i th

distinct w ord is giv en b y f

k

( i ), the probabilit y of an y one ordering of the w ords in the

corpus is

Q

n

k

i =1

f

k

( i )!

k !

b ecause the n um b er of unique orderings is precisely the recipro cal of the ab o v e quan tit y .

Bren t men tions that there ma y w ell b e e�cien t w a ys of using n -gram distributions in the

same mo del. The framew ork presen ted in this pap er is a formal statemen t of a mo del

that lends itself to suc h easy n -gram extensibilit y using the bac k-o� sc heme prop osed. In

fact, the results w e presen t are direct extensions of the unigram mo del in to bigrams and

trigrams.

In this con text, an in triguing feature in the results is w orth discussing here. W e note

that while with resp ect to precision, the 3-gram mo del is b etter than the 2-gram mo del

whic h in turn is b etter than the 1-gram mo del, with resp ect to recall their p erformance

is exactly the opp osite. W e ma y attempt to explain this b eha vior th us: Since the 3-

gram mo del places greatest emphasis on w ord triples, whic h are relativ ely less frequen t,
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it has the least evidence of all from the observ ed data to infer w ord b oundaries. Ev en

though bac k-o� is p erformed for bigrams when a trigram is not found, there is a cost

asso ciated with suc h bac king o� | this is the extra fractional factor N

3

= ( N

3

+ S

3

) in

the calculation of the segmen tation's probabilit y . Consequen tly , the 3-gram mo del is the

most conserv ativ e in its predictions. When it do es infer a w ord b oundary it is lik ely to b e

correct. This con tributes to its relativ ely higher precision since precision is a measure of

the prop ortion of inferred b oundaries that w ere correct. More often than not, ho w ev er,

when the 3-gram mo del do es not ha v e enough evidence to infer w ords, it simply outputs

the default segmen tation, whic h is a single w ord (the en tire utterance) instead of more

than one incorrectly inferred ones. This con tributes to its p o orer recall since recall is

an indicator of the n um b er of w ords the mo del fails to infer. P o orer lexicon precision is

lik ewise explained. Because the 3-gram mo del is more conserv ativ e, it infers new w ords

only when there is strong evidence for them. As a result man y utterances are inserted

as whole w ords in to its lexicon thereb y con tributing to decreased lexicon precision. The

presen ted framew ork th us pro vides for a systematic w a y of trading o� precision for recall

or vice-v ersa. Mo dels utilizing higher-order n -grams giv e b etter recall at the exp ense of

precision.

4.2 Estimation of phoneme probabili ti es

Bren t (1999, p.101) suggests that it could b e w orth while studying whether learning

phoneme probabilities from distinct lexical en tries yields b etter results than learning

these probabilities from the input corpus. That is, the probabilit y of the phoneme \th"

in \the" is b etter not in
ated b y the prep onderance of the and the -lik e w ords in actual

sp eec h, but rather con trolled b y the n um b er of suc h distinct w ords. W e rep ort some

initial analysis and exp erimen tal results in this regard. Assume the existence of some

function 	

X

: N ! N that maps the size, n , of a corpus C , on to the size of some subset
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X of C w e ma y de�ne. If this subset X = C , then 	

C

is the iden tit y function and if

X = L is the set of distinct w ords in C w e ha v e 	

L

( n ) = j L j .

Let l

X

b e the a v erage n um b er of phonemes p er w ord in X and let E

a

X

b e the

a v erage n um b er of o ccurrences of phoneme a p er w ord in X . Then w e ma y estimate the

probabilit y of an arbitrary phoneme a from X as follo ws.

P( a j X ) =

C ( a j X )

P

a

i

C ( a

i

j X )

=

E

a

X

	

X

( N )

l

X

	

X

( N )

where, as b efore, C ( a j X ) is the coun t function that giv es the frequency of phoneme a in

X . If 	

X

is deterministic, w e can then write

P( a j X ) =

E

a

X

l

X

(10)

Our exp erimen ts suggest that E

a

L

� E

a

C

and that l

L

� l

C

. W e are th us led to susp ect

that estimates should roughly b e the same regardless of whether probabilities are esti-

mated from L or C . This is indeed b orne out b y the results w e presen t b elo w. Of course,

this is true only if there exists some deterministic function 	

L

as w e assumed, and this

ma y not necessarily b e the case. There is, ho w ev er, some evidence that the n um b er of

distinct w ords in a corpus can b e related to the total n um b er of w ords in the corpus in

this w a y . In Figure 6 the rate of lexicon gro wth is plotted against the prop ortion of the

corpus size considered. The v alues for lexicon size w ere collected using the Unix �lter

cat $*|tr ' ' nn 012|awk ' f print (L[$0]++)? v : ++v; g '

and smo othed b y a v eraging o v er 100 runs eac h on a separate p erm utation of the input

corpus. That the lexicon size can b e appro ximated b y a deterministic function of the

corpus size is strongly suggested b y the the plot. It is in teresting that the shap e of the
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plot is roughly the same regardless of the algorithm used to infer w ords suggesting that

they all segmen t wor d-like units that share at least some statistical prop erties with actual

w ords.
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Figure 6

Plot sho ws the rate of gro wth of the lexicon with increasing corpus size as p ercen tage of total

size. A ctual is the actual n um b er of distinct w ords in the input corpus. 1-gr am, 2-gr am, 3-gr am

and MBDP plot the size of the lexicon as inferred b y eac h of the algorithms. It is in teresting

that the rates of lexicon gro wth are roughly similar to eac h other regardless of the algorithm

used to infer w ords and that they ma y all p oten tially b e mo deled b y a function suc h as k

p

N

where N is the corpus size.

T able 2 summarizes our empirical �ndings in this regard. F or eac h mo del | namely ,

1-gram, 2-gram, 3-gram and MBDP-1 | w e test all three of the follo wing p ossibilities:

1. Alw a ys use a uniform distribution o v er phonemes.

2. Learn the phoneme distribution from the lexicon.

3. Learn the phoneme distribution from the corpus, that is, from all w ords,

whether distinct or not.
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Precision

1-gram 2-gram 3-gram MBDP

Lexicon 67.7 68.08 68.02 67

Corpus 66.25 66.68 68.2 66.46

Uniform 58.08 64.38 65.64 57.15

Recall

1-gram 2-gram 3-gram MBDP

Lexicon 70.18 68.56 65.07 69.39

Corpus 69.33 68.02 66.06 69.5

Uniform 65.6 69.17 67.23 65.07

Lexicon Precision

1-gram 2-gram 3-gram MBDP

Lexicon 52.85 54.45 47.32 53.56

Corpus 52.1 54.96 49.64 52.36

Uniform 41.46 52.82 50.8 40.89

T able 2

Summary of results from eac h of the algorithms for eac h of the follo wing cases: Lexicon {

Phoneme probabiliti es estimated from the lexicon, Corpus { Phoneme probabiliti es estimated

from input corpus and Uniform { Phoneme probabiliti es assumed uniform and constan t.
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The ro w lab eled L exic on lists scores on the en tire corpus from a program that learned

phoneme probabilities from the lexicon. The ro w lab eled Corpus lists scores from a

program that learned these probabilities from the input corpus, and the ro w lab eled

Uniform lists scores from a program that just assumed uniform phoneme probabilities

throughout. While the p erformance is clearly seen to su�er when a uniform distribution

o v er phonemes is assumed, whether the distribution is estimated from the lexicon or

the corpus do es not seem to mak e an y signi�can t di�erence. These results lead us to

b eliev e that from an empirical p oin t of view it really do es not matter whether phoneme

probabilities are estimated from the corpus or the lexicon. In tuitiv ely , ho w ev er, it seems

that the righ t approac h ough t to b e one that estimates phoneme frequencies from the

corpus data since frequen t w ords ough t to ha v e a greater in
uence on the phoneme

distribution than infrequen t ones.

4.3 Resp onsiv enes s to training

It is in teresting to compare the resp onsiv eness of the v arious algorithms to the e�ect of

training data. Figures 7{8 plot the results (precision and recall) o v er the whole input

corpus, that is, blo c ksize = 1 , as a function of the initial prop ortion of the corpus

reserv ed for training. This is done b y dividing the corpus in to t w o segmen ts, with an

initial training segmen t b eing used b y the algorithm to learn w ord, bigram, trigram and

phoneme probabilities and the latter actually b eing used as the test data. A consequence

of this is that the amoun t of data a v ailable for testing b ecomes progressiv ely smaller as

the p ercen tage reserv ed for training gro ws. So the signi�cance of the test w ould diminish

corresp ondingly . W e ma y assume that the plots cease to b e meaningful and in terpretable

when more than ab out 75% (ab out 7500 utterances) of the corpus is used for training.

A t 0%, there is no training information for an y algorithm and the scores are iden tical to

those rep orted earlier. W e increase the amoun t of training data in steps of appro ximately
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1% (100 utterances). F or eac h training set size, the results rep orted are a v eraged o v er

25 runs of the exp erimen t, eac h o v er a separate random p erm utation of the corpus. The

motiv ation, as b efore, w as b oth to accoun t for ordering idiosyncrasies as w ell as to smo oth

the graphs to mak e them easier to in terpret.
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Figure 7

Resp onsiv eness of the algorithm to training information. The horizon tal axis represen ts the

initial p ercen tage of the data corpus that w as used for training the algorithm. This graph

sho ws the impro v emen t in precision with training size.

W e in terpret Figures 7 and 8 as suggesting that the p erformance of all discussed

algorithms can b e b o osted signi�can tly with ev en a small amoun t of training. It is note-

w orth y and reassuring to see that, as one w ould exp ect from results in computational

learning theory (Haussler, 1988), the n um b er of training examples required to obtain

a desired v alue of precision, p , app ears to gro w with 1 = (1 � p ). The in triguing rev ersal

in the p erformance of the v arious n -gram mo dels with resp ect to precision and recall

is again seen here and the explanation for this to o is the same as b efore. W e further

note, ho w ev er, that the di�erence in p erformance b et w een the di�eren t mo dels tends
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Figure 8

Impro v emen t in recall with training size.

to narro w with increasing training size, that is, as the amoun t of evidence a v ailable to

infer w ord b oundaries increases, the 3-gram mo del rapidly catc hes up with the others in

recall and lexicon precision. It is lik ely , therefore, that with adequate training data, the

3-gram mo del migh t b e the most suitable one to use. The follo wing exp erimen t lends

some substance to this suspicion.

4.4 F ul ly tr aine d algorithms

The preceding discussion mak es us curious to see what w ould happ en if the ab o v e scenario

w as extended to the limit, that is, if 100% of the corpus w as used for training. This

precise situation w as in fact tested. The en tire corpus w as concatenated on to itself and

the mo dels then trained on exactly the former half and tested on the latter half of the

corpus augmen ted th us. Although the unortho do x nature of this pro cedure requires us to

not attac h m uc h signi�cance to the outcome, w e nev ertheless �nd the results in teresting

enough to w arran t some men tion, and w e discuss here the p erformance of eac h of the four
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# 3-gram output T arget

3482 � � � in the doghouse � � � in the dog house

5572 aclo c k a clo c k

5836 that's alrigh t that's all righ t

7602 that's righ t it's a hairbrush that's righ t it's a hair brush

T able 3

Errors in the output of a fully trained 3-gram language mo del. Erroneous segmen tations are

sho wn in b oldface.

# 2-gram output T arget

614 y ou w an t the dog house y ou w an t the doghouse

3937 thats all righ t that's alrigh t

5572 a clo c k a clo c k

7327 lo ok a hairbrush lo ok a hair brush

7602 that's righ t its a hairbrush that's righ t its a hair brush

7681 hairbrush hair brush

7849 it's called a hairbrush it's called a hair brush

7853 hairbrush hair brush

T able 4

Errors in the output of a fully trained 2-gram language mo del. Erroneous segmen tations are

sho wn in b oldface.

algorithms on the test segmen t of the input corpus (the latter half ). As one w ould exp ect

from the results of the preceding exp erimen ts, the trigram language mo del outp erforms

all others. It has a precision and recall of 100% on the test input, except for exactly four

utterances. These four utterances are sho wn in T able 3 retranscrib ed in to plain English.

In trigued as to wh y these errors o ccurred, w e examined the corpus, only to �nd erro-

neous transcriptions in the input. \dog house" is transcrib ed as a single w ord \dOghQs"

in utterance 614, and as t w o w ords elsewhere. Lik ewise, \o'clo c k" is transcrib ed \6klAk"

in utterance 5917, \alrigh t" is transcrib ed \Olr9t" in utterance 3937, and \hair brush"

is transcrib ed \h*brAS" in utterances 4838 and 7037. Elsewhere in the corpus, these are

transcrib ed as t w o w ords.

The erroneous segmen tations in the output of the 2-gram language mo del are lik ewise

sho wn in T able 4. As exp ected, the e�ect of reduced history is apparen t through an

increase in the total n um b er of errors. Ho w ev er, it is in teresting to note that while the

3-gram mo del incorrectly segmen ted an incorrect transcription (utterance 5836) \that's
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all righ t" to pro duce \that's alrigh t", the 2-gram mo del incorrectly segmen ted a correct

transcription (utterance 3937) \that's alrigh t" to pro duce \that's all righ t". The reason

for this is that the bigram \that's all" is encoun tered relativ ely frequen tly in the corpus

and this biases the algorithm to w ard segmen ting the \all" out of \alrigh t" when it follo ws

\that's". Ho w ev er, the 3-gram mo del is not lik ewise biased b ecause ha ving encoun tered

the exact 3-gram \that's all righ t" earlier, there is no bac k-o� to try bigrams at this

stage.

Similarly , it is in teresting that while the 3-gram mo del incorrectly segmen ts the in-

correctly transcrib ed \dog house" in to \doghouse" in utterance 3482, the 2-gram mo del

incorrectly segmen ts the correctly transcrib ed \doghouse" in to \dog house" in utterance

614. In the trigram mo del, � log P(house j the ; dog ) = 4 : 8 and � log P(dog j in ; the ) = 5 : 4,

giving a score of 10.2 to the segmen tation \dog house". Ho w ev er, due to the error in

transcription, the trigram \in the doghouse" is nev er encoun tered in the training data

although the bigram \the doghouse" is. Bac king o� to bigrams, � log P(doghouse j the ) is

calculated as 8.1. Hence the probabilit y that \doghouse" is segmen ted as \dog house"

is less than the probabilit y that it is a w ord b y itself. In the 2-gram mo del, ho w ev er,

� log P(dog j the)P(house j dog ) = 3 : 7 + 3 : 2 = 6 : 9 while � log P(doghouse j the ) = 7 : 5,

whence \dog house" is the preferred segmen tation although the training data con tained

instances of all three bigrams.

The errors in the output of a 1-gram mo del are sho wn in T able 5, but w e do not

discuss these as w e did for the 3-gram and 2-gram outputs. The errors in the output of

Bren t's fully trained MBDP-1 algorithm are not sho wn here b ecause they are iden tical to

those pro duced b y the 1-gram mo del except for one utterance. This single di�erence is the

segmen tation of utterance 8999, \lItL QtlEts" (little outlets), whic h the 1-gram mo del

segmen ted correctly as \lItL QtlEts", but MBDP-1 segmen ted as \lItL Qt lEts ". In b oth
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# 1-gram output T arget

244 brush Alice 's hair brush Alice's hair

503 y ou're in to distraction � � � y ou're in to distraction � � �

1066 y ou m y trip it y ou migh t rip it

1231 this is little doghouse this is little dog house

1792 stic k it on to there stic k it on tu there

3056 � � � so he do esn't run in to � � � so hi do esn't run in to

3094 � � � to b e in the highc hair � � � to b e in the high c hair

3098 � � � for this highc hair � � � for this high c hair

3125 � � � already � � � � � � all ready � � �

3212 � � � could talk in to it � � � could talk in to it

3230 can heel I do wn on them can he lie do wn on them

3476 that's a doghouse that's a dog house

3482 � � � in the doghouse � � � in the dog house

3923 � � � when it's nose � � � when it sno ws

3937 that's all righ t that's alrigh t

4484 its ab out mealtime s its ab out meal times

5328 tell him to w a y cup tell him to w ak e up

5572 o'clo c k a clo c k

5671 where's m y little hairbrush where's m y little hair brush

6315 that's a n y e that's an i

6968 ok a y momm y tak e seat ok a y momm y tak es it

7327 lo ok a hairbrush lo ok a hair brush

7602 that's righ t its a hairbrush that's righ t its a hair brush

7607 go along w a y to �nd it to da y go a long w a y to �nd it to da y

7676 mom put sit mom puts it

7681 hairbrush hair brush

7849 its called a hairbrush its called a hair brush

7853 hairbrush hair brush

8990 � � � in the highc hair � � � in the high c hair

8994 for bab y's a nice highc hair for bab y's a nice high c hair

8995 that's lik e a highc hair that's righ t that's lik e a high c hair that's righ t

9168 he has along tongue he has a long tongue

9567 y ou w anna go in the highc hair y ou w anna go in the high c hair

9594 along red tongue a long red tongue

9674 doghouse dog house

9688 highc hair again high c hair again

9689 � � � the highc hari � � � the high c hair

9708 I ha v e along tongue I ha v e a long tongue

T able 5

Errors in the output of a fully trained 1-gram language mo del.

28



V enk ataraman W ord disco v ery in con tin uous sp eec h

MBDP-1 and the 1-gram mo del, all four w ords, \little", \out", \lets" and \outlets", are

famili ar at the time of segmen ting this utterance. MBDP-1 assigns a score of 5 : 3 +

5 : 95 = 11 : 25 to the segmen tation \out + lets" v ersus a score of 11 : 76 to \outlets". As a

consequence, \out + lets" is the preferred segmen tation. In the 1-gram language mo del,

the segmen tation \out + lets" scores 5 : 31 + 5 : 97 = 11 : 28, whereas \outlets" scores 11 : 09.

Consequen tly , it selects \outlets" as the preferred segmen tation. The only thing w e could

surmise from this w as either that this di�erence m ust ha v e come ab out due to c hance

(meaning that this ma y w ell ha v e not b een the case if certain parts of the corpus had

b een an y di�eren t) or else the in terpla y b et w een the di�eren t elemen ts in the t w o mo dels

is to o subtle to b e addressed within the scop e of this pap er.

4.5 Similari t ies b et w een MBDP-1 and the 1-gram Mo del

The similarities b et w een the outputs of MBDP-1 and the 1-gram mo del are so great that

w e susp ect they ma y essen tially b e capturing the same n uances of the domain. Although

Bren t (1999) explicitly states that probabilities are not estimated for w ords, it turns

out that considering the en tire corpus do es end up ha ving the same e�ect as estimating

probabilities from relativ e frequencies as the 1-gram mo del do es. The r elative pr ob ability

of a famili ar w ord is giv en in Equation 22 of Bren t (1999) as
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as f

k

(

^

k ) gro ws. The 1-gram language mo del of this pap er explicitly claims to use this

sp eci�c estimator for the unigram probabilities. F rom this p ersp ectiv e, b oth MBDP-1

and the 1-gram mo del tend to fa v or the segmen ting out of familia r w ords that do not

o v erlap. It is in teresting, ho w ev er, to see exactly ho w m uc h evidence eac h needs b efore

suc h segmen tation is carried out. In this con text, the author recalls an anecdote recoun ted

b y a British colleague who, while visiting the USA, noted that the p opulace in the vicinit y

of his institution had gro wn up thinking that \Damn British" w as a single w ord, b y

virtue of the fact that they had nev er heard the latter w ord in isolation. W e test this

particular scenario here with b oth algorithms. The programs are �rst presen ted with the

utterance \damn british". Ha ving no evidence to infer otherwise, b oth programs assume

that \damn british" is a single w ord and up date their lexicons accordingly . The in teresting

question no w is exactly ho w man y instances of the w ord \british" in isolation should

either program see b efore b eing able to successfully segmen t a subsequen t presen tation

of \damn british" correctly .

Ob viously , if the w ord \damn" is also unfamilia r, there will nev er b e enough evi-

dence to segmen t it out in fa v or of the famili ar w ord \damn british". Hence eac h program

is presen ted next with t w o iden tical utterances, \damn". W e do need to presen t t w o

suc h utterances. Otherwise the estimated probabilities of the familiar w ords \damn"

and \damn british" will b e equal. Consequen tly , the probabilit y of an y segmen tation

of \damn british" that con tains the w ord \damn" will b e less than the probabilit y of

\damn british" considered as a single w ord.

A t this stage, w e presen t eac h program with increasing n um b ers of utterances con-

sisting solely of the w ord \british" follo w ed b y a rep etition of the v ery �rst utterance {

\damn british". W e �nd that MBDP-1 needs to see the w ord \british" on its o wn three

times b efore ha ving enough evidence to disabuse itself of the notion that \damn british"

is a single w ord. In comparison, the 1-gram mo del is more sk eptical. It needs to see the
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w ord \british" on its o wn sev en times b efore committing to the righ t segmen tation. T o

illustrate the inheren t simplicit y of the presen ted mo del, w e can sho w that it is easy to

predict this n um b er analytically from the presen ted 1-gram mo del. Let x b e the n um b er

of instances of \british" required. Then using the discoun ting sc heme describ ed, w e ha v e

P(damn british ) = 1 = ( x + 6)

P(damn ) = 2 = ( x + 6) and

P(british) = x= ( x + 6)

W e seek an x for whic h P(damn )P(british) > P(damn british ). Th us, w e get

2 x= ( x + 6)

2

> 1 = ( x + 6) ) x > 6

The actual scores for MBDP-1 when presen ted with \damn british" for a second time are

� log P(damn british ) = 2 : 8 and � log P(D&m ) � log P(brItIS ) = 1 : 8 + 0 : 9 = 2 : 7. F or the 1-

gram mo del, � log P(damn british ) = 2 : 6 and � log P(D&m ) � log P(brItIS ) = 1 : 9 + 0 : 6 =

2 : 5. Note, ho w ev er, that sk epticism in this regard is not alw a ys a bad attribute. It helps to

b e sk eptical in inferring new w ords b ecause a badly inferred w ord will adv ersely in
uence

future segmen tation accuracy .

5 Summary

In summary , w e ha v e presen ted a formal mo del of w ord disco v ery in con tin uous sp eec h.

The main adv an tages of this mo del o v er that of Bren t (1999) are, �rst, that the presen t

mo del has b een dev elop ed en tirely b y direct application of standard tec hniques and pro-

cedures in sp eec h pro cessing. It mak es few assumptions ab out the nature of the domain

and remains as far as p ossible conserv ativ e in its dev elopmen t. Finally , the mo del is
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easily extensible to incorp orate more historical detail. This is clearly evidenced b y the

extension of the unigram mo del to handle bigrams and trigrams. Empirical results from

exp erimen ts suggest that the algorithm p erforms comp etitiv ely with alternativ e unsu-

p ervised algorithms prop osed for inferring w ords from con tinous sp eec h. W e ha v e also

carried out and rep orted results from exp erimen ts to determine whether particular w a ys

of estimating phoneme (or letter) probabilities ma y b e more suitable than others.

Although the algorithm is originally presen ted as an unsup ervised learner, w e ha v e

sho wn the e�ect that training data has on its p erformance. It app ears that the 3-gram

mo del is the most resp onsiv e to training information with regard to segmen tation pre-

cision, ob viously b y virtue of the fact that it ke eps more kno wledge from the presen ted

utterances. Indeed, w e see that a ful ly tr aine d 3-gram mo del p erforms with 100% accu-

racy on the test set. Admittedly , the test set in this case w as iden tical to the training set,

but w e should k eep in mind that w e w ere only k eeping limited history | namely 3-grams

| and a signi�can t n um b er of utterances in the input corpus (4023 utterances) w ere 4

w ords or more in length. Th us, it is not completely insigni�can t that the algorithm w as

able to p erform this w ell.

F uture w ork

W e are presen tly w orking on the incorp oration of more complex phoneme distributions

in to the mo del. These are, namely , the biphone and triphone mo dels. Some preliminary

results w e ha v e obtained in this regard app ear to b e encouraging.

With regard to estimation of w ord probabilities, mo di�cation of the mo del to address

the sparse data problem using in terp olation suc h that

P( w
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where the p ositiv e co e�cien ts satisfy �

1

+ �

2

+ �

3

= 1 and can b e deriv ed so as to

maxim ize P( W ) is b eing explored as a fruitful a v en ue.

Using the lead from Bren t (1999), attempts to mo del more complex distributions for

unigrams suc h as those based on template gr ammars and the systematic incorp oration

of proso dic, stress and phonotactic constrain t information in to the mo del are also the

sub ject of curren t in terest. W e already ha v e some unpublished results suggesting that

biasing the segmen tation suc h that that ev ery w ord m ust ha v e at least one v o w el in it

dramatically increases segmen tation precision from 67.7% to 81.8% and imp osing a con-

strain t that w ords can b egin or end only with p ermitted clusters of consonan ts increases

precision to 80.65%. W e are planning exp erimen ts to in v estigate mo dels in whic h these

prop erties can b e learned in the same w a y as n -grams.
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App endix - In v en tory of Phonemes

The follo wing tables list the ASCI I represen tations of the phonemes used to transcrib e

the corpus in to a form suitable for pro cessing b y the algorithms.

Consonan ts

ASCI I Example

p p an

b b an

m m an

t t an

d d am

n n ap

k c an

g g o

N si ng

f f an

v v an

T th in

D th an

s s and

z z ap

S sh ip

Z plea s ure

h h at

c c h ip

G g el

l l ap

r r ap

y y et

w w all

W wh en

L b ott le

M rh yth m

� butt on

V o w els

ASCI I Example

I b i t

E b e t

& b a t

A b u t

a h o t

O l a w

U p u t

6 h e r

i b ee t

e b ai t

u b o o t

o b oa t

9 b uy

Q b ou t

7 b o y

V o w el + r

ASCI I Example

3 b ir d

R butt er

# ar m

% h or n

* air

( ear

) l ure

Ac kno wledgmen t s

The author thanks Mic hael Bren t for stim-

ulating his in terest in the area. Thanks

are also due to Koryn Gran t for v erifying

the results presen ted here. Eleanor Olds
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constructiv e commen ts and useful p oin t-

ers in preparing a revised v ersion of this

pap er. The \ Damn British "anecdote is due

to Rob ert Linggard. Judith Lee at SRI
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edited the man uscript to remo v e man y t y-

p ographical and st ylistic errors. In addi-

tion, the author is v ery grateful to anon y-

mous review ers of an initial v ersion, es-

p ecially \B" and \D", who help ed signi�-

can tly b y w a y of encouragemen t and con-

structiv e criticism.
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