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ABSTRACT

In this paper we present a large vocabulary, word-based,
automatic Mandarin dictation system. In this system we
use isolated words as input to alleviate the unnatural-
ness of syllable input used by many existing systems and
to reduce the acoustic confusions among 414 Mandarin
syllables in many existing isolated syllable input system.
There are two stages of processing in the word-based dic-
tation system. The first, or the acoustic processing, stage
includes two modules: alarge vocabulary word recognizer
and a tone recognizer. The word recognizer generates N-
best word candidates based on the tree-trellis fast search.
Then the tone recognizer reduces the homonym number
of those word candidates. In the second, or the linguistic
processing, stage a statistical language model is applied
to a word lattice generated in the first stage. The most
likely word sequence and the corresponding Chinese char-
acter string are decoded via a Viterbi search. The system
has been evaluated on a speaker-trained database, a word
accuracy of 85.5% and character accuracy of 88.3% were
obtained. A real-time demo system has also been imple-
mented on an HP-9000/735 workstation.

1. INTRODUCTION

Mandarin Chinese, a syllabically paced, tone language,
and its dialectical derivatives are spoken by the major-
ity of Chinese people and it is the sole official spoken
language used in China. Altogether, there are 414 Man-
darin syllables and they serve as the key elements in
forming the Chinese language, both phonetically and se-
mantically. Each written Chinese character, which is al-
most always a morpheme, is pronounced as a monosylla-
ble. These monosyllabic morphemes are either words by
_themselves or together they form polysyllabic words.

Mandarin is also a tone language and every syllable
can have up to 5 different tone variations, commeonly re-
ferred to as the first four tones and a neutral tone. Out
of all (5 x 414) possible tone and syllable combinations,
there exist only about 1130 legitimate tonalized syllables.
Since there are far more written characters (more than
13,000) than tonalized syllables, a syllable can have many
homonyms. The number of homonyms can be as high as

© 150. In order to disambiguate words acoustically, many
Chinese words are formed polysyllabically.

Comparing with alphabetic languages like English, in-
put of Chinese characters to computers through a stan-
dard keyboard is a more difficult problem. Currently, the
existing commercial input methods are cumbersome be-
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cause they are slow and complicated, or difficult to learn.
Many of the Mandarin dictation systems developed are
based upon isolated syllable input[1, 2]. Comparing to
the isolated-syllable input, the advantages for word-based
Mandarin dictation are:

¢ Polysyllabic words are less ambiguous than mono-
syllabic words.

¢ Fewer polysyllabic homonyms than their monosyl-
labic homonyms.

¢ Words are basic semantic units of speech and can be
nore naturally uttered than isolated syllables.

Following our previous study on the large vocabulary
word recognition in Mandarin speech [3], we present in
this paper our recently developed dictation system, con-
sisting three sub-systems: word recognizer, tone recog-
nizer and linguistic decoder.

The rest of the paper is organized as follows. In Section
2 we give a brief description of the system architecture.
In Section 3 we describe the organization of Chinese lex-
icon for dictation application. Then we discuss the three
major modules in Sections 4, 5 and 6. Lastly we present
recognition experiments and corresponding results.

2. SYSTEM ARCHITECTURE

The goal of automatic speech dictation is to transcribe
received speech signals into a corresponding text. Let
W = w;,ws,...,wn denote a string of n words, and A =
Ay, A2, ..., An denote the acoustic evidence on which the
recognizer will make a decision about which words have
been spoken. In a statistical pattern matching approach,

the most likely word string W is computed by

W = arg max P(W]A) (1)

and by Bayes formula we have

P(W)P(AIW)

P(W14) = —) 6

Since P(A) is fixed, it follows that

W = arg max P(W)P(A|W) (3)
in which P(A|W) = P(A1|w)P(Az|wz)...P(Anwy) is
the conditional probability of observing the acoustic in-
put given the word string, W, is uttered. It is the acoustic

module of the dictation system where the the conditional
likelihood P(A|W) is computed. On the other hand, the
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prior probability, P(W), of a given word string, W, is de-
termined by using a language model and it is independent
of the acoustic input. We construct a dictation system in
which the acoustic module and the linguistic module are
two separate units. We divide further the acoustic mod-
ule into two recognizers, a base-syllable (toneless) word
recognizer (BSWR) and a tone recognizer. The system
block diagram is shown in Figure 1 and the major com-
ponents are:

Speech input

!

Acoustic
Processor

Lo

Tone Base-Syllable

R i Word
ecognizer Recognizer

b

Homonym
Table

Lexicon

word
hypotheses

Lingquistic
Decoder

!

Chinese characters output

Bigrams

Figure 1: The block diagram of dictation system

1. Base-Syllable Word Recognizer (BSWR):

In this module input words are recognized without
using any tone information and all word entries in
the lexicon are transcribed as sequences of toneless,
base-syllables. A tree-trellis search algorithm is used
to generate the N best base-syllable word candi-
dates. A homonym table which maps every base-
syllable-word to its corresponding word or a set of
words is prepared in advance. This table is essen-
tial for generating word hypotheses. For each utter-
ance A;, different word hypotheses w], w?, ..., wfv",
together with their corresponding likelihood values,
P(Ailwl), 7 =1, Ny, are generated.

2. Tone Recognizer:

The tone recognizer is used to reduce the number
of word hypotheses generated in the BSWR and the
remaining hypotheses are fed into the final stage of
the dictation system, the linguistic decoder. The
tone recognition is applied only to word hypotheses
which are monosyllabic or bisyllabic. The likelihood
scores of tone recognition is not combined with the
likelihood scores of BSWR since not all word candi-
dates in BSWR have tone scores.

3. Linguistic Decoder:
The input of the linguistic decoder is a sequence of
word hypotheses (w}, w?, ..., w.-N"), with their acous-
tic likelihood scores generated from BSWR. A sta-
tistical language model of word bigrams is used to
compute the prior probability P(W) for all possible
word strings in the input word lattice. The most
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likely word string W with the highest a posteriori
probability in Equation (3) is then generated. The
final output of the dictation system is the most likely
word string transcribed as a string of Chinese char-
acters

3. LEXICON

In most applications, a pre-defined, fixed-size lexicon is
installed whilein our system a flexible vocabulary is pre-
pared. We compiled a vocabulary of 140 thousand entries
into a super-set lexicon and arranged all word entries in
terms of their frequency of occurrences in our training
text corpus. The lexicon is further divided into 25 do-
mains for specific dictation applications.

For the sake of efficient system implementation, an
extremely large vocabulary may not always be neces-
sary. Moreover, the recognition performance in general
degrades with an increase of vocabulary size. The mem-
ory needed for storing a language models of a very large
vocabulary is also not economical. Hence we extract the
top 15,000 high-frequency words as the basic vocabulary
of our dictation system. At the time of loading the dicta-
tion system, the user can choose a vocabulary of any size
larger than 15,000. The text coverage in a news corpus of
13 million words with respect to vocabulary size is shown
in Table 1. Besides choosing a vocabulary according to
its frequency of occurrences, a user can also download a
specific domain lexicon. A vocabulary of 50,000 words
covering 99.2% of the database was used in experiments
for performance evaluation.

vocab size | 15000 | 30000 | 40000 | 50000 | 60000
coverage(%) | 91.3 | 97.1 | 985 [ 99.2 | 99.6

Table 1: Text coverage with respect to vocabulary size

4. BASE-SYLLABLE WORD RECOGNIZER

Hidden Markov Models(HMMs), the most prevailing ap-
proach in speech recognition [4], are used to model the
statistical properties of speech signals in BSWR. In order
to model all words in the vocabulary with only moderate
amount of training data, we chose to use sub-syllable
models, syllable initial and finals, as the fundamental
HMM units. Furthermore, for implementing a real-time,
large vocabulary dictation system, the computation com-
plexity, which is just as important as the recognition
accuracy, is one of our major concerns. Among the
three major modules in our system, BSWR is the most
computationally demanding module. In our system, we
use the A*-based, tree-trellis fast search to reduce the
search complexities without sacrificing the recognition
performance(3].

At first, the lexical entries in the vocabulary, which are
formed as sequences of base syllables, are rearranged into
a tree data structure in the backward direction. A tree-
trellis search algorithm is applied to the tree lexicon and
the N best base-syllable word candidates are generated.
The algorithm consists of a forward, frame synchronous
Viterbi trellis search followed by a backward, best-first,
A* algorithm-based tree search. In the forward trellis
search, free syllable decoding is used and a partial path
map is prepared. This partial path map serves as the
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“heuristics” functions for the backward, A* search algo-
rithm. In the A*-based, tree search, the N best can-
didates are searched over all lexical entries, which are
arranged in a backward tree. Major computation reduc-
tion is obtained by shifting the major search load from a
vocabulary size dependent search to a vocabulary size in-
dependent trellis search. With the aid of a well-prepared
partial path map, the backward tree search through the
lexicon is extremely efficient.

5. TONE RECOGNIZER

Due to the large number of homonyms in monosyllabic
and bisyllabic words, disambiguating monosyllabic and
bisyllabic homonyms is more in need than disambiguat-
ing homonyms with more than two syllables. The tone
recognition is only applied to monosyllabic and bisyllabic
word hypotheses.

A block diagram of the tone recognizer is shown in Fig-
ure 2. The candidates derived from the BSWR are fed
into the tone recognizer. The tone recognizer is organized
as three modules based on the word length (measured in
number of syllables) and the fundamental frequency con-
tour(FFC) of the input speech signal. The tone informa-
tion embeds in the variations of fundamental frequency
contour which exists only in voiced sounds. Due to the
unique CV[N] syllabic structure in Mandarin speech, only
finals and sonorant initials have non-zero fundamental
frequency values. The FFC of a monosyllable is repre-
sented by a single continuous curve. For bisyllabic words,
there are two kinds of FFCs and they are either continu-
ous of discontinuous depending upon the phonetic struc-
ture of the second syllable. If the second syllable has a
voiced initial or begins with a vowel (i.e., null initial), the
FFC is then a continuous curve as the example shown in
Figure 3(a). Other bisyllabic words have two successive
but discontinuous FFCs due to the unvoiced consonants
in between the two consecutive syllables. An example is
shown in Figure 3(b).

We design three HMM-based tone-recognizers for these
three classes. Multiple tone candidates are generated by
taking into consideration the trade-offs between elimi-
nating unlikely candidates and pruning word hypotheses
prematurely.

candidates of
base-syllable-word

llable

monosyllabic
tone recognizer

speech
signal

l

pitch detector

—_

bisylabic tone | | bisyllabic tone
recognizer (I) recognizer (I}

I

homonym table

!

word candidates

Figure 2: Block diagram of tone recognizer
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Figure 3: Fundamental Frequency contour of bisyllabic

words (a):/da2 an4/ (b):/da4 jial/
6.. LINGUISTIC DECODER

A statistical language model which is a modified Katz’s
formula [5] is used. The modification is made to reduce
the size of bigrams while maintaining a good decoding
performance. In Katz’s method the conditional proba-
bility, P(wz|w1), backs off from a bigram probability to
unigram probability by the formula

(1_ N1 ) N(w,,w2)

Nau N(wy) if N(wls 'LU2) >0

Plwz|wr) =
(TN,,J;) - £{wr) - P(w2) otherwise

)
The notations in (4) are defined as following:
Nau: the total number of bigrams.
Ni: the number of different word pairs that occur exactly
once in the training text.
N(wq, wz): the total number of times that two word, wy
and w,, occur in ordered pairs.
N{(w;): the number of times that a word, wy, occurs.
#(w1): a normalizing factor that assures all probabilities
estimated by Eq (4) add up to 1 over all words.

There are two major problems with word bigram
model: (1) unreliable parameter estimates de to insuf-
ficient training data; (2) a prohibitively large memory
needed to store all the bigrams in a practical system. To
overcome these problems, we propose two modifications
on Eq (4) as follows:

¢ Approximination of s(w) :
In a sparse bigram table, we can assume that
Zauw N(uw2) > ZN(‘U)],ﬂJQ))O N(w;) for all w.
Hence &(w1) will be approximated to 1. The sim-
plification can save both memory and computation.

s Lower bound on N(wi, w2):

N{w1,w2)/N(un) is usually not a reliable estimate
of P(wz|wy) if the word pair, (w1, w2), only occurs a
few times in the training corpus. Unfortunately, due
to the large number of possible word bigrams for a
large lexicon, these unreliably estimated parameters
form a major portion of the bigram table. A thresh-
old, thre(w:), is then set to be the lower bound of
N{w1, w2) and its value depends on N(wy) as

thre(w;) = max(1, a - log(N(wn)) (5)

where « is an adjustable parameter to control the
minimum number of occurrences for a word pair
(w1, w2), N(w1,ws).

7. DATABASE AND EXPERIMENTS

A speaker-trained database, recorded by two male, Tai-
wan native speakers, were used for training and testing
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the dictation system. The training set includes 414 iso-
lated syllables and 2,000 words for each speaker. The
testing data consists of 12 short paragraphs, 8 recorded
by speaker A and 4 by speaker B, all together in 859
sentences. Each sentence consists of isolated words spo-
ken with short pauses in beiween. The sentences were
read from text material selected randomly from maga-
zines, books and newspaper articles. The database was
recorded in an office environment with the audio interface
of HP workstation and the speech signals were sampled
at a 16 kHz sampling rate. Two different sets of acoustic
features are produced:

LPC features A 12th order LPC-derived cepstrum are
calculated every 7.5 msec with a frame size of 20
msec. -A 25 dimension vector, consisting of 12 cep-
strum coefficients, 12 delta-cepstrum coefficients and

delta log energy, is used as the input features to the
BSWR.

Pitch features The pitch periods for monosyllabic and
bisyllabic words are calculated by using a waveform-
peak-picking based pitch extraction algorithm [6].
The fundamental frequency, log energy and their
time derivatives are used as the input features to
the tone recognizer.

A text database of newspaper articles, from three ma-
Jjor newspapers in Taiwan, was used for training the lan-
guage model. The training database comprises approx-
imately 13 million words, or 22 million Chinese charac-
ters. With the setting of lower bound of occurrences, the
number of bigrams is reduce from 5.43 x 10° to 0.92 x 10°
when « is set to 0.4.

The experimental results are shown in 2. In BSWR,
the output probability of each state of the subsyllabic
HMM models is characterized by a continuous density of
two Gaussian mixture components. The inclusion rate of
the top 5 candidates generated by the BSWR are shown
in the table. The average word accuracy was 85.5.% and
Chinese character accuracy was 88.3%. In general the
character accuracy is higher than the word accuracy since
for some misrecognized words, the decoded characters are
partially correct. The breakdown of CPU time (in real
time) used by different processing modules on an HP-
9000/735 computer is listed in Table 3. It shows that
only half of the real time is needed in recognizing input
speech on the machine. The two most time-consuming
components, trellis search and likelihood computation
in base-syllable word recognizer, are performed frame-
synchronously.

Speaker A | Speaker B | Average
BSWR(top 5) 97.9 90.9 94.3
Tone (Mo. syl.) 97.0 98.7 97.9
Tone (Bi. syl.) 96.7 98.4 97.6
word accuracy 89.2 81.7 85.5
character accur. 91.6 84.9 88.3

Table 2: Recognition rates (%) for dictation system and
sub-recognizers

8. SUMMARY

In this paper a large vocabulary, word-based Mandarin
dictation system was presented. We integrated the base
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LPC | trel. | tree | like. | tone | lLing. | total
feat. | sear. | sear. | table | recog. | decod.
0.022 | 0.137 { 0.027 | 0.245 | 0.040 | 0.002 | 0.472

Table 3: Distribution of CPU time {in real-time)

syllable word recognizer, the tone recognizer and the lin-
guistic decoder into an automatic dictation system. The
system has been evaluated on a speaker-trained database
with a vocabulary of 50,000 words, a word accuracy of
85.5% and character accuracy of 88.3% were obtained. A
real-time dictation system was implemented on an HP-
9000/735 workstation.
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