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ABSTRACT

BREF, a large read-speech corpus in French has been designed
with several aims: to provide enough speech datato develop dictation
machines, to provide datafor eval uation of continuousspeech recogni-
tion systems (both speaker-dependent and speaker-independent), and
to provide a corpus of continuous speechto study phonological varia-
tions. This paper presents some of the design considerationsof BREF,
focusing on the text analysis and the selection of text materials. The
texts to be read were selected from 4.6 million words of the French
newspaper, Le Monde. In total, 11,000 texts were selected, with an
emphasis on maximizing the number of distinct triphones. Separate
text materials were selected for training and test corpora. The goal is
to obtain about 10,000 words (approximately 60-70 min.) of speech
from each of 100 speakers, from different French dialects.

INTRODUCTION

One of the main obstacles to progress in continuous speech
recognition has been the lack of sufficient speech material for
the study of speech events and for training, development, and
testing of algorithms and systems. A major effort in this area
has been undertaken under the auspices of DARPA, with the
production of the TIMIT[1, 2] and Resource Management[3]
speech corpora.  The availability of these corpora has en-
abled speech recognition systems to be eval uated on a common
ground, which has stimulated research in many laboratories,
both within and outside of DARPA projects.

As a step in providing comparable data for the French lan-
guage, we arerecording BREF, alarge read-speech corpus. The
goal of BREF isto provide enough continuous-speech data for
the development and evaluation of continuous speech recogni-
tion systems, particularly for the dictation task, and to provide
a large enough corpus of read speech to be able to study and
model phonological variations. Speech fromat least 100 speak-
erswill be recorded, so asto providea broad basisfor the study
of speaker variability and data for development of speaker-
independent recognition systems. With on the order of 10,000
words per spesker, it ishoped to provide enough speech datato
study and model speaker-dependent characteristics.

In this paper the design considerations of BREF are de-
scribed, focusing on the analysis and selection of text material,
and the provision for separate corporafor training and testing.
11,000 texts to be read were selected from a source text of
three months of the French newspaper Le Monde. The texts
were sdlected using severa criteria, including the requirement
that they be fairly easy to read aloud. Other selection criteria
tried to maximize the number of phonemic contexts and the
number of different words. In addition, aset of sentences were

selected each containing all the phonemes in French. Each
speaker reads two of these sentences, which can be used for
fast training and/or speaker adaptation.

TEXT SOURCE AND PREPROCESSING

The source text consisted of three months of Le Monde ob-
tained from L’'Européenne de Données. The text had been
pre-formatted with codes to demarcate the title, author(s), and
optional subject classification and credits. Thus, the first step
in manipulating the text was to re-format it so as to eliminate
the unnecessary information. The next step was to clean up
the text by diminating all incomplete sentences (this decision
was based on punctuation) and correcting some text format-
ting errors. After these clean-up operations, approximately 4.2
million words of text remained. The “lost” text was roughly
50% header information and 50% textual errors. The fina step
in the preliminary processing used the punctuation markers to
split the text into individua sentences, keeping the article and
paragraph delimiters. Links to the original text were kept so
that the source context of all sentences could be retrieved.

Also availablewere approximately 1.2 millionwords of Sen-
ate transcriptionswhich were used for comparison.

TEXT ANALYSIS

Each sentence was phoneticized using grapheme-to-
phoneme rules4], and erroneous pronunciations were hand-
located! and corrected using an exceptionsdictionary. Themost
common mi spronunciationswereforeign wordsand names, and
acronyms. Also, each punctuation mark was replaced by a si-
lence “phone.”

Distributional properties

The distributiona properties of the text were determined
by counting the occurrences of sentence, word, and subword
units. At the sentence level, counts were made of sentence
types and lengths. At the word level, the number of distinct
words and their word frequencies were counted. Subword units
counted included syllables, dissyllables, phones, diphones, and
triphones.

Sentence types:  Sentences were classified as ssmpledeclar-
ative, interrogative and exclamative types, or as more complex
formulations which included elipses, parenthetic expressions,
and/or quotations. Table 1 shows the distribution of sentences
in Le Monde according to type, and shows for each type the
minimum, average, and maximum sentence lengths.

1Sincethisis such alabor-intensive procedure, corrections were made only
for words occurring more than 20 times in the text.



Sentence Type Percent | Ave | Min | Max
Declarative 95 23 1 222

Interrogative 3.8 15 1 191

Exclamatory 12 13 1 104

Simple Sentences 57 19 1 191

Complex Sentences 43 33 3 222

Numbers 22 30 1 165

Acronyms 11

Quotations 22 34 2 | >400
Split Quotations 27 26 2 213

Parenthetic 11 35 2 | >100

Table1: Sentencetypesand lengths.

A conceptual problem was found while counting sentence
types, apriori, asimpletask: what should be done with end-of-
sentence punctuation marks found within parenthetics or quo-
tations? The analysis was performed two ways, ignoring and
counting these marks. However, in sentence selection, it was
decided to ignore parenthetic expressions as they are often too
digoint from the text, and to divide sentences within a long
quotation into single, quoted sentences. This decision was
made because sentences containing complex guotations could
be quite long - over 500 sentences were found having more
than 100 wordseach! While 12% of the quotationswere only a
singleword and another 25% were 2-5 wordslong, the average
length for a single quotation was 11 words. In contrast, paren-
thetics were typically short: over 75% had fewer than 5 words
and the average length was 4 words.

Word and subword units: Word and subword units were
counted in the phonemicized, syllabified text. Table 2 sum-
mari zes the counts for the different units for the compl ete text
of Le Monde and the Senat. Counts made on a small subset of
Le Monde, roughly 10%, showed the distributional properties
of the text to be almost identical.

In the 167,359 sentences, there were almost 4.2 million
words, over 90,000 orthographically distinct. To find the num-
ber of phonemic words, the grapheme-to-phoneme mapping
was redone without the liaison rules, so as to avoid the ambi-
guity in word segmentation introduced by liaison. There were
64,000 phonemically distinct words, almost 30% less than the
number of orthographicaly distinct words, giving a measure
of the number of homophonesin French. In order to know if
the percent of homophoneswas dependent upon the vocabul ary
size, the percent homophones in 2000 and 10,000 most com-
mon wordswere determined, and al so found to be roughly 30%.
The dissyllableis defined from the midpoint of one vowel to
the midpoint of the next vowel, and therefore contains all the
intervening consonants. This unit has been successfully used
for speech recognition and speech synthesisin French[5, 6], in
part because French vowels are acougtically relatively stable
over time.

On the average, there were 2.3 phones/syllable,
3.2 phoneddissyllable (including both vowels), and 3.7
phones/word. The most common phone was /r/, accounting
for 8.0% and 7.9% of all phone occurrences in Le Monde and
Senat, respectively. In counting phones, thevowels/a/ and /&,
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#sentences 167,359 64,613
#words (total) 4,244,810 | 1,137,928
#orthographically distinct 92,185 26,807
#phonemically distinct 63,981

#syllables (total) 6,903,017 | 1,956,423
#distinct syllables 9,571

#distinct dissyllables 37,636

#phones (total) 16,416,738 | 4,737,578
#distinct phones 35 35
#distinct diphones 1,160 1,105
#distinct triphones 25,999 17,079

Table 2: Distributional properties of word and subword units.

as in the words “péte” and “patte”, and the nasa vowels /&d
and /E/, asin thewords “brun” and “brin”, were not differenti-
ated since these are phonemic distinctionsfound in only some
speakers of current French. Most of the possible diphoneswere
found to exist (1160 out of 1225, taking into account the silence
“phone’), aswere 60% of the possibletriphones. Some of these
gaps are truly indicative of the French language, while others
may be due to insufficient data or the grapheme-to-phoneme
rules. However, the number of triphones may actually be ele-
vated, relativeto “traditiona French”, since there are so many
foreign words (mostly names) in the text source.

Figure 1: Frequency of occurrencefor word and subword units.

Figure 1 shows plots of the frequency of occurrence for the
word and subword unitsin percentages. Part (8) has curvesfor
words, syllables, and phones, and part (b) has curvesfor dissyl-
lables, triphones, diphones, and phones. The units have been
separated as such since words, syllables, and phones have no



Figure 2: Percentage of sentences covered as a function of unit.

constraintsinternal to the unititself restricting which units may
follow, whereas the unitsin part (b) have internal constraints
[imiting the possiblefollowing units. Phones are shown in both
for comparison as the basic unit.

Less than 20% of the distinct words account for over 95%
of al word occurrences. |In fact, 40% (about 35,000 words)
occurred only onceinthetext, and 60% of thewordsappeared at
most 3times. Thiseffect iseven more pronouncedfor syllabl es,
wheretheroughly 20% most common syllablesaccount for 98%
of al syllable occurrences. Almost 80% of the text is covered
by only the most frequent 232 (20%) diphones. 20% of the
triphones and dissyllables cover over 90% and 95% of thetext,
respectively.

But perhaps more interesting is the opposite question: given
that 40% of thewordsonly occurred once inthetext, how many
sentences can be pronounced if thesewordsareeliminated? The
curves shown in Figure 2 illustrate the percentage of sentences
covered as a function of the percentage of word or subword
unit. The curve for phones is very gradual - with 80% of
the phones, only 10% of the sentences can be covered. For
words, however, over 80% of the sentences are covered using
only 60% of the distinct words, effectively diminating all of
the single occurrence words. The effect is even stronger for
syllables: roughly 40% of the syllables cover over 90% of the
sentences. Curves are shown for phones, diphones, triphones,
and dissyllablesin Figure 2b.

Entropy

In order to assesstherel ativeimportance of theword and sub-
word units, the entropy of corresponding Markov sourceswere
caculated. The probabilities used for each source are shown
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syllable, vowel, and phone, and ¢;, is a string of consonants.
A memoryless source was used to model the phone, word, and
syllable sources. Thediphoneand dissyllablemodelswerefirst
order Markov sources, and the triphone model was a second
order Markov source. All probabilities were estimated using
frequency counts on the entire text.

| (8 Unit |order 0] order1 | order2 |

phonemic words | p(w;)

syllables p(s;)

dissyllables p(vi) | pler, vj|vs)

phones plai)

diphones pa;) | plajlai)

triphones pla;) plajla;) plaxa;, a;)

#digtinct | entropy | model

(b) Unit units (b/ph) | I(b/ph)
phonemicwords | 63,981 | 2.67 246
syllables 9,571 3.61 151
dissyllables 37,636 | 3.55 157
phones 35 4.72 0.40
diphones 1,160 | 3.92 121
triphones 25999 | 340 172

Table 3: Markov sources: (a) model probabilities and (b) estimated
entropies.

Table 3b summarizes the results of the modelsin bits/phone.
The lowest entropies are found for the word and triphone
sources, indicating that their models store the most informa-
tion. Compared to the memoryless, equally probable 35 phone
model, the information stored in the modd is 2.46 and 1.72
b/ph, respectively.

TEXT SELECTION CRITERIA

Text selection was guided by the analysis performed and by
text readability considerations. Thetextsweretaken verbatim -
none of thetextswere modified, and each sentence wastakenin
its entirety. The first approach tried to choose sentences based
on amesasure of theinformation provided by the sentence. The
idea was that sentences with relatively low information would
be representative of the general text, and high information sen-
tenceswould providethelesscommon events. Unfortunately, it
was found that sentences with the most information were good
predictors of foreign texts, and low information sentences all
contained a date in the 1980'sor 1990's.

Even more problematic, the size of thetext source prohibited
optimizing the criteriafor sentence selection[7]. Thus, a more
pragmatic approach was used. The text analysis indicated that
words and triphones carried the most information. These two
criteriagave approximately the same sel ection results, favoring
one or the other by a small fraction. Using both constraints
simultaneously was found to be too restrictive, limiting the
total number of triphones. Since we believe triphones to be
amore practical unit for training phone-based recognizers, we
chose to maximize the number of triphones.

Thereadability of textswas assessed by asking peopleto read
aloud selected sentences of avariety of types. Thereading tests
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20 words) to rather long (>60 words). The material included
sentences with numbers, lists of numbers, acronyms, and quo-
tations. In general, shorter sentences were easier to pronounce
than longer ones. For sentences longer than 20 or so words,
punctuation markers roughly every 10 words, greatly enhanced
the sentence's readability. Sentences containing long lists of
numbers or names al so caused problems, as did acronyms. The
problem presented by acronyms was that, if the acronym was
unknown, people did not know whether to try to pronounce it
asaword, or toread it as alist of letters.

Texts were selected in subsets, iteratively removing the a-
ready selected sentences. First, al of the sentences contain-
ing al of the phonemes in French were extracted, and 18 of
these were hand-sdlected based on readability. Next 3 sets of
each of the following types were selected. Paragraphs were
chosen to provide semantic context for the speaker and to bet-
ter model dictation task. The constraints on paragraph se-
lection limited the number of sentences/paragraph (3-8), the
number of words/sentence (5-24), and the number of new tri-
phones/paragraph (>22). Short sentences (8-15 words) were
selected since these are typically relatively easy toread, having
aminimum of 8 new triphones and a maximum of 5 punctua-
tion marks. Longer sentences (8-25 words) added a bit more
diversity: two types were selected, the first requiring 12, and
the second requiring 16 new triphones/sentence.

SELECTED TEXT SUBSETS

The selected texts consist of the 18 al phoneme sentences,
and approximately 840 paragraphs, 3300 short sentences, and
3800 longer sentences. The paragraphs have an average of 4.2
sentences, each sentence having an average of 15.2words. The
average length of the short sentences is 12.4 words, and the
longer sentences 21 words. The texts were separately selected
in3, roughly comparablesets: aset tobedistributedfor training,
a second set to be distributed for test/eval uation purposes, and
a third set to be kept undistributed (hidden) for a final, blind
evaluation of systems. In these 3 sets, no sentence appears
more than once; therefore, thereis no overlap among the sets.

| Unit | Train | Test [ Hidden [ Total |
#sentences 3,877 3,624 3,501 | 11,002
#words (total) 55,760 | 50,946 | 49,040 | 115,746
#distinct words 14,089 | 12,803 | 12,280 | 20,055
#phonemicwords | 11,215 | 10,177 9,757 | 15,460
#syllables 3,339 3,040 2,976 3,977
#dissyllables 11,297 | 10472 | 10,072 | 14,066
#phones (total) 252,369 | 230,102 | 222,250 | 726,988
#distinct phones 35 35 35 35
#diphones 1,107 1,092 1,082 1,115
#triphones 15,704 | 14,769 | 14,399 | 17,552

Table 4: Distributional properties of selected text subsets.

The distributional properties for the 3 sets of texts, and the
combined total, are shownin Table 4. The setsare distribution-
ally comparableintermsof their coverage of word and subword
unitsand quite similar in their phone and diphonedistributions.
The most common phones have the same frequencies for al 3
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most common diphones are /de/, /ar/, /lal, /Er/, and /tr/, and
triphonesare /§0/, /par/, /ddl/, /tre/, and /ag)/.

Subdivision of textsfor individual speakers

Text subsets for individual speskers are automaticaly se-
lected from the text sets. Each spesker reads 2 al phoneme
sentences, 15 sets of 4 paragraphs, 10 sets of 18 short sen-
tences, 10 sets of 14 long sentences, and 5 setsof 12 long, high
density sentences. Intotal, each speaker readsan average of 650
sentences, comprised of about 9500 words. Inthesethe speaker
may be expected to cover roughly 3400 distinct orthographic
words (3000 phonemic), 1400 syllables, 4300 dissyllables, 35
phones, 930 diphones, and 7500 triphones. In comparisontothe
distributional properties of atext set, each spesker pronounces
afair proportion of the subword units.

SUMMARY

Some of the design issues in choosing of the contents of
BREF have been presented, along with a summary of the text
analysis. The selected materials maximize the number of dis-
tinct triphones. All thetexts have been extracted verbatim from
the original - no sentences were hand-designed or modified.
Separate text materials with similar distributional properties
were selected for training, testing, and hidden sets. Different
speakers will record the materias providing non-overlapping
speech corpora. Recording of BREF began in July 1990, and
we expect to have at least 35 speakers recorded by November
1990.
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