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ABSTRACT
Digit string recognition is required in many applications which
need to recognize numbers such as telephone numbers, credit card
numbers, date, etc. In order to design a high performance recog-
nizer, duration information is explored in this study. In a Mandarin
connected digit recognizer, insertion and deletion errors amount to
more than two thirds of the total recognition errors because there
exist two mono-phonemic digits and a heavily rhotacized vowel.
In order to use duration information more efficiently, we propose
a method to model context dependent word duration information
and then incorporate it directly in the decoding algorithm. Experi-
mental results show that this method reduces word error rate by as
much as 32.1%.

1. INTRODUCTION

Although, there are only eleven common pronunciations for
Mandarin ten digits, in which one have two alternates, i.e., /i/ and
/iAu/. Mandarin digit strings are much more difficult to recognize
by automatic speech recognition (ASR) systems than their English
counterparts due to the following reasons. First, there are two sets
of minimal pairs in the ten Mandarin digits, i.e., digit six (/liou/)
and digit nine (/tCiou/) and digit one (/i/) and digit seven (/tC`i/).
Second, there are two digits consisting of only single vowels, i.e.,
digit one (/i/) and digit five (/u/), and also digit two (/Ä/) has a
heavily rhotacized vowel.

All the above three digits, /i/, /u/ and /Ä/, due to their short duration
and vowel only structure, are strongly coarticulated with adjacent
digits in continuously spoken digit string. Insertions, e.g., seven
(/tC`i/) misrecognized as seven-one ( /tC`i/-/i/), and deletions, e.g.,
repeated digit string of five-five (/u/-/u/) misrecognized as a single
five. Most of these errors are due to incorrect duration recognition.

Classic Hidden Markov Models (HMMs) implicitly model the
state duration probability distribution of each state P i(t) by a ge-
ometric distribution, i.e.,

Pi(t) = at�1ii (1� aii) (1)

where i is the state, t is the duration ( t �1), and aii is the state
self transition probability [7, 16]. This type of state duration
probability does not represent the temporal structure of speech.
This is the major weakness in the traditional use of HMMs for
speech recognition. To overcome this problem, several kinds of
approaches have been proposed to model duration information in
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a recognizer based on HMMs. First, the duration information is
explicitly modeled by replacing the state transition probabilities
with durational probabilities. An HMM with direct duration
modeling is called a Hidden Semi-Markov Model ( HSMM )
[3]. Second, the duration information can be incorporated in an
indirect manner. A modeling technique has been introduced by
Ferguson [5]. In his model the duration information is modeled
by replacing the state transition probabilities with time-dependent
state transition probabilities. In which the state transitions do not
occur at regular time intervals. And each state, i, has an associated
state duration probability Pri(t), 1�t�Dmax where Dmax is
the largest duration allowed. Another similar modeling technique
proposed by Ramesh and Wilpon is called inhomogeneous Hidden
Markov Model (IHMM). In their model, the state transition
probabilities depend on the duration in the state [4]. Third,
other approaches involve in using duration information in the
post-processing stage of speech recognition.

All Mandarin digits are monosyllabic, and each syllable is
also a word. By our observation, word level duration is much
more stable than state level duration in this task. Furthermore,
Mandarin is a tonal language, in which pitch patterns are used
to differentiate lexical meaning; thus tone information is also
an important cue for Mandarin speech recognition. In order to
construct a prosodic model which can use both tone information
and duration information synchronously to this recognizer in
future study, at this stage, we incorporate context dependent word
duration information directly in the decoding algorithm.

This work is focused on a practical approach to word duration
modeling in HMMs. In section 2 we investigate several characteri-
zations of Mandarin word duration, and then use Gamma function
to model it. In section 3, we provide an extended Viterbi algorithm
that incorporates word duration models. In sections 4, we present
recognition experiments that demonstrate a significant reduction
in both word error rate and sentence error rate, compared to the
standard Viterbi algorithm, for a speaker independent, connected
Mandarin digit string task.

2. PARAMETRIC MODELING OF THE
WORD DURATION

2.1. Characterizations of Mandarin Word Du-
ration

As mentioned in the literature [6] and by our own observations,
word duration is affected mainly by the following factors.



1. Different initials, finals and tones have their own intrinsic dura-
tion.
2. Obviously, speaking rate plays a very important role on word
duration.
3. Pre-boundary lengthening is well observed in Mandarin as well
as other languages such as English.
4. Tone in the middle of a phrase or sentence often varies ac-
cording to its preceding and following tones. Especially, a falling-
rising tone always changes to a rising tone when its following tone
is also a falling-rising tone [11]. Thus the duration of the corre-
sponding word varies while its tone varies.
5. The speaker is also a factor which affects duration. Some people
speak fast, while other people speak relatively slow.
6. All the Mandarin syllables can be divided into an optional initial
and an obligatory final. The initial is a consonant, while the final
consists of a vowel complex with or without a nasal ending. When
both parts of a syllable exist, then the ratio of initial over final
within syllable will be stable to some extent.
7. Suppose the speaking rate can be stable in not very long
utterance, then the duration ratio of the neighbouring syllables
should be stable to some extent.

Factors 3 and 4 together define various contexts in this task. The
first five factors are grouped into our context dependent word du-
ration models, while as for the factor 6 and 7, we also found the
Gamma function can describe it well, e.g. figure 2.

2.2. Parametric Modeling
As early as 1982, Crystal et al.[9] successfully used Gamma func-
tion as illustrated in formula 2 to model English segmental dura-
tion in connected speech.

fT (t; r�) = �=�(r)(�t)r�1e��tI[0;1](t) (2)
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where t is the duration variable, and r and � are the parameters
which are adjusted to give the best fit to the available data. The
mean and variance of the distribution are given by � = r=� and
�2 = r=�2, respectively. Thus the parameters can be determined
by inverting the equations and inserting the observed mean �o and
variance �2o to get � = �o=�

2
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The Gamma function is found to produce a high quality fit to the
empirical distributions of Mandarin digits. Figure 1 displays the
empirical duration distribution, and its Gamma fit for the of /ba/
with the same left and right context, i.e., /tCiou + ba + tCiou/.

3. A SYNCHRONOUS WORD BY WORD
IMPLEMENTATION

In order to recognize an unknown utterance, we have to find
the best state sequence for the given observation sequence. An
N-state left-to-right HMM without skip states is used to model a
digit s, when it only consists of single vowel, or the initial or the
final of s. Each state is characterized by transition probabilities,
aij , the probability of making a transition from state i to state j.
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Figure 1: The bars denote empirical duration distribution. The
smooth curve is a Gamma function fitted to the data distribution;
the value of r = 44.8 and � = 0.172. The distribution mean and
standard deviation are shown in the figure.

And the bi(ot) is the probability of observing ot at state i.

Let Æt(s; i; d) denote the maximum likelihood in logarithmic scale
of entering state i of word s, along a valid word sequence of length
t� d and producing observation o1 to ot�d, and then entering this
state, i.e., state i of word s, and producing observations ot�d+1 to
ot. The recursive procedures are as following,

Æ1(s; 1; 1) =

�
log[b1(o1)]; s 2 S0
�1; otherwise

(3)

Æt(s; 1; 1) = max
r

max
c

[Æt�1(r;N; c) + lm(r; s)

+ w� Pr(r; c)] + logb1(ot) + SP; d = 1 (4)

Æt(s; 1; d) = Æt�1(s; 1; d� 1) + loga11

+logb1(ot); d � 2 (5)

Æt(s; i; 1) = �1; i = 2; � � �N; d = 1 (6)

Æt(s; i; d) = max
j=i;i�1

[Æ(s; j; d� 1) + logaji]

+logbi(ot); i = 2; � � �N; d � 2 (7)

Where S0 denotes a set of words with which a sentence can begin,
Pr(r; c) is the logarithmic durational probability of word r with
duration c and w is the weighting factor for duration likelihood.
SP is relative neighbouring syllables duration penalty or syllable
structural penalty which is explained at the end of this section,
while the lm(r; s) is the logarithmic probability of making a word
transition from word r to word s. The maximum likelihood score
can be obtained by:

ÆT = max
s

max
d

[ÆT (s;N; d) + w � Pr(s; d)] (8)

To actually retrieve the word sequence, we need to keep track
of the argument that maximized Eq. 4, for each r and t [1].
By carefully examining the above equations, we can see the
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Figure 2: The bars denote distribution of the rate of initial over
final of syllable /liou/ at the beginning of sentences. The smooth
curve is a Gamma function fitted to the data distribution; the value
of r = 13.35 and � = 13.88. The distribution mean and standard
deviation are shown in the figure.

computational cost is just a very little more than the conventional
Viterbi algorithm.

In our system, the N, i.e., the number of states in each HMM, is
3. In order to illustrate the function of Pr(r; c), we suppose the
object duration, which corresponds to the time point which pro-
duces maximum value of the corresponding Gamma function, of
digit /ba/ in certain context as 256 ms. During decoding, suppose
the current recognized syllable is /ba/ with the above context. If
its recognized duration is 256 ms, then no duration penalty will be
added to the current partial recognized state sequence. Otherwise,
certain penalty will be added to the state sequence according to
the Gamma function of this /ba/, and the bigger the bias from the
object duration, the larger the penalty will be added. As for the SP,
it functions very likely to Pr(r; c). When the ratio of initial over
final of certain syllable is near the object ratio, then the penalty
will be small, otherwise it will be large.

4. EXPERIMENTAL RESULTS

4.1. Database
The speech database used in this study is from the Beijing
Institute of Automation [12]. The original database contains some
transcription errors and some sentences corrupted by recording
noises. After being manually corrected and verified, the database
was divided into two sets, i.e., training set and testing set.

The training set contains 6,000 sentences spoken by 44 male
speakers and 31 female speakers. Each sentence consists of 1 to 7
Mandarin digits. The testing set contains 1,360 sentences includ-
ing 5452 syllables in total spoken by another 11 male speakers and
6 female speakers. Each sentence in the testing set also contains 1
to 7 digits. In both training and testing set, each speaker utters 80

sentences. The digit one in the data sets has two pronunciations.
i.e., /i/ and /iAu/. Word level transcriptions of the sentences are
given for the two data sets, without boundary information. Sam-
pling rate of the database is converted to 11 KHz.

4.2. Baseline System

Cross word triphone unit has been shown to be more accurate than
the whole word unit and the word internal triphone unit. In this
recognizer, there are 846 gender dependent cross word triphones.
To reliably estimate HMM parameters, HMM parameter tying is
necessary. And also, the training database only covers part of all
cross word triphones of task, thus HMMs of the uncovered cross
word triphones must be synthesized.

Decision tree-based clustering method was used to solve the
above two problems [8]. This method requires a phonetic question
set to cluster kth HMM state of all triphones which share the same
base phone. By studying English phonetic question set used in
the ARPA Resource Management task [13, 14, 15], a Mandarin
phonetic question set was designed.

The question set consists of 269 phonetic questions. Each of them
asks a question like “does a triphone’s left/right context belong to
the specified set of this question?”. For instance, question

QS R_Palatal {*+tC, *+tC`, *+C}.
Suppose we ask a question “does the right context of a triphone
belong to the palatal consonant set {tC, tC`, C}?” So, triphone
b-a+tC' (which denotes the phone /a/ whose left context and
right context are /b/ and /tC'/ respectively) will answer yes to this
question, while b-a+j will answer no.

Questions are designed so that all phones appear at the context
part of a question have similar articulation manner or articulation
place. The above question set was used in the decision tree based
clustering algorithm. Before clustering, 454 single mixture 3-state
continuous triphone models were trained for the 454 cross word
triphones appeared in the training database (44 males and 31 fe-
males). Then the decision tree based clustering algorithm is ap-
plied to cluster the states of the 454 triphone models. Optimum
trees generated by the clustering algorithm are stored and then used
to synthesize the 392 unseen triphone models. After clustering,
the mixture number of the HMMs was then increased gradually by
mixture splitting to model the cross speaker variation effect. In our
experiment, four mixture HMM system produces highest recogni-
tion accuracy score, i.e., 97.51% (90.74%) as shown in Table 2.

4.3. Incorporating duration information di-
rectly into decoding algorithm

First, the duration of every occurrence of word in the training set is
generated by a forced alignment, using the set of models of base-
line system. Then we use Gamma distribution to model the dura-
tion distribution [9]. When decoding, we re-score the recognition
result synchronously by using the algorithm described in Section
3. As shown in table 2, there are 54 deletion errors, 42 substitu-
tion errors and 40 insertion errors with the baseline system. After
incorporating duration modeling, there are only 28 deletion errors,
34 substitution errors and 30 insertion errors . Thus the word (sen-
tence) accuracy increases to 98.31% (93.82%) respectively.



5. CONCLUSIONS

In this paper, we incorporate context dependent word duration
modeling directly in the decoding algorithm to reduce insertion
and deletion errors for Mandarin connected digit recognition.
The word (sentence) error rate is reduced by as much as 32.1%
(33.3%). By comparing the error patterns with and without dura-
tion models, we see that the improvement was mainly due to the
decrease in insertion and deletion errors. As shown in table 2,
there are 34 substitution errors, which amount to more than one
third of the total errors. More than half of those errors are /s¥/
misrecognized as /tC`i/ and /Ä/ misrecognized as /pa/. As we men-
tioned in section 1, Mandarin is a tonal language. /s¥/ and /Ä/ have
falling tone, while while /tC`i/ and /pa/ have level tone, thus tone
information can be used to discriminate those two error patterns.
Further improvement is promising to be obtained by incorporating
tone information to the system.
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Digit transcription
0 liN
1 i / iAu
2 Ä
3 san
4 s¥
5 u
6 liou
7 tC`i
8 pa
9 tCiou

Table 1: Ten Mandarin digits used in experiments.

System Word Acc. Sent.Acc Del. Ins. Sub.
Baseline 97.51% 90.74% 54 42 40

D.M. 98.31% 93.28% 28 34 30

Table 2: Word (sentence) accuracy (%) of the baseline system and
in case when duration information was incorporated directly into
decoding algorithm.

Common Error Patterns
/ i/+/ i/ -> / i/

/ i/ -> / i/ + / i/
/tC`i/ + / i/ -> /tC`i/

/tC`i/ -> /tC`i/ + / i/
/ liou/ + /u/ -> / liou/

/ liou/ -> / liou/ + /u/
/tCiou/ + /u/ -> /tCiou/

/tCiou/ -> /tCiou/ + /u/
/u/ + /u/ -> /u/

/u/ -> /u/ + /u/
/Ä/ + /Ä/ -> /Ä/

/s¥/ -> /tC`i/
/Ä/ -> /pa/

Table 3: Common error patterns in Mandarin digit string recogni-
tion system.


