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ABSTRACT 
In this paper, we present a two-pass continuous digit string 
decoder using two sets of whole-word HMM models. One 
set contains context-independent (CI) models used in the 
first-pass search. The first-pass search results in N-best 
hypotheses from which a N-best word lattice can be derived. 
The other set contains context-dependent (CD) HMM 
models used to search along the N-best word lattice for the 
best hypothesis, which is called the second-pass search. 
During the second-pass search, we introduce a 
tree-structured word lattice to speed up the second-pass 
search. Compared with one-pass decoder using only CI 
models, our two-pass decoder achieves 68% reduction of 
word error rate. Compared with one-pass decoder using only 
CD models, it achieves a 6.5 times faster search speed. 
Compared with two-pass decoder using flat-structured word 
lattice, it achieves about one time faster search speed. 

1. INTRODUCTION 

Although there is a great demand for applications in many fields, 
such as telephone and credit card number recognition, high 
performance real-time continuous digit string recognition is still 
difficult to achieve a high recognition rate with high speed that 
can meet the requirement of application. There are many reasons 
for this. First, word boundaries are unknown before the 
recognition. Secondly, co-articulation effects are strong in 
continuous speech. Settling these problems requires the use of 
sophisticated acoustic models that take the contextual 
information into account. However these sophisticated acoustic 
models cost a very large scale of computation when being used. 
A trade-off must be made between the recognition rate and the 
computation scale. Thirdly, no language models can be generally 
used during the recognition of continuous digit string, which 
makes it impossible to resort to the language model to select the 
most likely word sequence from the relatively large number of 
word hypotheses produced during the search process. Finally, 
although there are only dozens of words in small vocabulary 
systems, such as digits recognition system, it is helpful to build a 
model for whole words, it is still difficult to deal with several 
sets of confusable digits in Mandarin, such as ‘0’ (/ling/) and ‘6’ 
(/liu/), ‘2’ (/er/) and ‘8’ (/ba/), ‘7’ (/qi/) and ‘1’ (/yi/), especially 
digit ‘5’ (/wu/). Since there is no clear rhythm structure and no 
vocal track variation when making the sound of digit ‘5’, it is 
very difficult for the recognizer to distinguish the speeches 
among ‘5’, “55” (/wu wu/) and “555” (/wu wu wu/), using CI 
whole-word models only.  

Considering the above difficulties in Mandarin digit recognition, 
first, we chose whole-word models, which have better 
performance in describing the within-word co-articulation effects 

than sub-word models. Secondly, in order to deal with the 
between-word co-articulation effects, whole-word triphone 
models can be used as one form of CD HMM models [2]. 
However, there are 11 digits in the spoken mandarin, which lead 
to total 113 triphone models. The introduction of CD acoustic 
models creates an explosion in acoustic model computation and 
search space. But only using triphone models no doubt means a 
very high computation cost. We have to use a more sophisticated 
search strategy. Thirdly, we use two-pass search to improve the 
recognition rate while keeping a relative high search speed. The 
two-pass search means we use mono-phone models for an 
N-Best search in the first pass. By the first pass search, we get an 
N-best word lattice from the N-best result. Then we develop it 
into a tree-structured word lattice. After that, using tri-phone 
models, we make a second pass search within the newly formed 
tree-structured word lattice. Generally, the search problem is 
tackled in two ways: Viterbi[3] decoding using beam search[4] or 
stack decoding[5] which is an variant of A* algorithm[6]. In this 
paper, we use viterbi-beam search and A* algorithm to get a 
N-best word lattice.  

Multi-pass search is not a novel idea, but has been widely used in 
many successful large vocabulary continuous speech recognizers 
(LVCSR). But there are some conceptual differences between the 
two-pass search proposed in this paper and the usual multi-pass 
search used in LVCSR. 

In the following, section II gives an overview of the proposed 
two-pass continuous digit string decoder. Tests and results are 
given in section III. Section IV gave a discussion according to 
the tests and results in section III. Finally, a summary is given in 
section V. 

2. TWO-PASS CONTINUOUS DIGIT STRING 
DECODER 

The decoder uses continuous Hidden Markov Models (HMM) 
for the acoustic models. It is a two-pass decoder structured as 
follows: 

 First-pass search: It is a time synchronous viterbi beam 
search [3] along the original word lattice. It is a complete 
search using CI whole-word models. During the search, we 
get a compact word lattice. Then A* algorithm can be used 
to extract the N-best hypotheses from the word lattice. 
From the N-best results, we can get an N-best word lattice. 

 Second-pass search: It a time synchronous viterbi beam 
search which is along the N-best word lattice derived in the 
first pass search. It uses HMM CD whole-word models. 
Unlike the first-pass search, it only produces the most 
likely sequence of words, which is used as the final 
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recognition result.   

Figure.1 shows an example of the N-best word lattice derived 
from a 3-best recognition of a digit string “1268” after the 
first-pass search. It is a flat-structured lattice. The hypothesis in 
the lattice are parallel to each others and there is no shared word 
in all paths. Figure.2 gives an example of a tree-structured word 
lattices developed from the flat-structured lattice. Same words in 
different paths are tied in one path, while a brunch is created 
when different words are met. Both the flat-structured lattice and 
tree-structured word lattice can be used in the second-pass search. 
However, compared with flat-structured lattice, tree-structured 
word lattice is more helpful in saving the computation or search 
cost, because many nodes can be shared in the search. The shared 
nodes are computed only once. 

Fig.1 Flat-structured word-lattice
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The reason for using the N-best word lattice in the second-pass 
search instead of the word lattice created in the first-pass search 
is that it can greatly improve the search speed for the 
second-pass search using CD HMM models. At the same time, 
the N-best word lattice, although more compact, still maintains 
very low lattice error rate.  

Fig.2 Tree-structured word-lattice
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In this paper, concerning the great number of insert and delete 
errors when recognizing “5”, “55” and “555” as well as making 
reliable distinguish among them, we add alternative digits for 
those that can not be distinguished using the CI whole-word 
models, so that we can further reduce the lattice error rate by 
using the expanded N-best word lattice. For example, we add 
alternative digits “55” (/wu wu/) (two continuous pronunciation 
of the single digit “5”) and “555”(/wu wu wu/)  (three 
continuous pronunciation of the single digit “5”) to the N-best 
word lattice, although the digits “55” and “555” didn’t appear in 
the word lattice after the first pass search. Figure.3 shows the 
strategy. 

Fig.3 Expanded word lattice for "5"
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Concerning other confusable Mandarin digit pairs as (“7” /qi/, 
“1”/ yi/), (“2”/ er/, “8”/ ba/) and (“0”/ ling/, “6” /liu/), we also 
expend the lattices for them. Figure.4 shows the strategy. 

Fig.4 Expanded word-lattices for confusable pairs
("7","1"), ("2","8") and ("0","6")
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Although using expanded N-best lattices will increase the 
computation during the search, the new strategy can improve the 
confidence of the hypothesis of the two-pass search that the 
correct path should be included in the N-best lattice. 

Another point of our two-pass recognizer is that we do not 
normalize cepstrum and power coefficients in the first pass, 
while we do it in the second pass. Since our recognizer is 
designed for online application, it’s difficult to make 
normalization over sentence during the first-pass search, which is 
time synchronous. But in the second-pass search, we can use 
normalization over each sentence, because the utterance has over 
after the first pass search and the second-pass search is in fact a 
kind of off-line search. This is another advantage over the 
one-pass search. 

3. EXPERIMENT 

3.1 Database 

It’s a 300-speaker Mandarin digits database. All speakers are 
male. Each speaker has 200 digit string utterances with each 
string containing randomly 2 to 5 digits. Thus, there are total 
60,000 utterances. The database is divided into two sets: a 
training set including 250 speakers and a test set including 50 
speakers. Utterances were recorded by a sampling frequency of 
16,000 Hz and a 16-bit A/D system. The speech signal-to-noise 
(SNR) is about 30 dB. 
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3.2 Feature Set 

We use a 39-element MFCC feature set in the tests:  

39 = 13 (cepstrum + power) + 13 (∆cepstrum + ∆power) + 13 
(∆∆cepstrum + ∆∆power) 

Frame width is 20ms with a 50% overlap. 

3.3 HMM Models 

We use whole-word HMM models in the tests. All models are 
five-state left-to-right continuous HMM models as is shown in 
figure.5. Each state has sixteen gaussian mixtures.  

Fig.5 HMM Topology: left-to-right model
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3.4 Tests 

3.4.1 Test using one-pass search with 1-best output 

Test 1: one-pass decoder using CI whole-word HMM models. 
Test 2: one-pass decoder using CD whole-word HMM models.  

The recognition rate and speed are shown in table.1. From 
table.1, we can see that the decoder using CD models gained a 
72% error reduction over the decoder using CI models. However 
its recognition speed are 20 times lower than the decoder using 
CI models. 

One-pass 
search 

Word 
Correct Rate 

Sentence 
Correct Rate 

Average 
Time 

(sec/sen) 
Test.1 (CI)  97.10% 86.70% 0.11 
Test.2 (CD) 99.22% 97.40% 2.23 

Table.1 Recognition result of baseline test using CI and CD 
models. Note: in this paper “sec/sen” means “second per 
sentence”. 

3.4.2 Test using one-pass decoder with N-best output 

Since the lattice correct rate of the N-best word lattice gained 
after the first-pass search determines the maximum recognition 
rate of the final two-pass decoder, we have to keep enough 
N-best results in order to assure that the correct word sequence is 
included. However, keeping too many N-best result will slow 
down the second pass search. Therefore, we should find the 
proper number of N-best result that is fit for the second pass 
search. 

Table.2 shows the relationship among token number, N-best 
number, recognition rate and search speed. We can see that the 
lattice error rate is lower than 1%. When we choose appropriate 

number of tokens and N-best, for example, Token = 3, N-best = 
100, the lattice error rate is even as low as 0.5% . At the same 
time, there is no markedly increase of average recognition time. 

Token 
number

N-Best 
number

Word 
Correct 

Rate 

Sentence 
Correct 

Rate 

Average 
Time 

(sec/sen)
50 99.13% 97.60% 0.12 
100 99.14% 97.65% 0.12 2 
200 99.14% 97.65% 0.19 
50 99.49% 99.05% 0.13 
100 99.40% 99.10% 0.13 3 
200 99.40% 99.10% 0.19 

Table.2 Lattice error rate using different N-best numbers and 
tokens. 

3.4.3 Tests using two-pass search 

Since the second-pass search is in fact an off-line search. We can 
normalize cepstrum and power coefficients over each sentence to 
improve the performance of the recognizer. 

In this part we designed three tests to test the performances of the 
different strategies of the two-pass search. 

Test.3 Two-pass decoder using N-best flat-structured word lattice. 
Test.4 Two-pass decoder using N-best tree-structured word 
lattice. Test.5 Two-pass decoder using expanded N-best 
tree-structured word lattice 

In all the 3 tests above, we use CD HMM models and we use 
N-best word lattices that are derived from the compact word 
lattice gained after the first-pass search that uses 3 tokens and 
100 N-Best results. Table.3 shows the result of the three tests.  

 Word 
Recognition 

Rate 

Sentence 
Correct Rate 

Average 
Time 

(sec/sen) 
Test.3 99.14 96.09 0.69 
Test.4 99.12 96.85 0.33 
Test.5 99.15 96.95 0.34 

Table.3 Recognition results of the two-pass decoder using 
different N-best word lattice. 

4. DISCUSSION AND CONCULUSION 

From table.1, we can see that the search speed and recognition 
rate of the one-pass recognizer cannot be satisfying at the same 
time. On one hand, when using CI models, the recognizer has a 
relative low recognition rate (97.10%), although the search speed 
is satisfying (0.11sec/sen). On the other hand, when using CD 
models, the speed of the recognizer is very low (2.23sec/sen), 
although the recognition rate is satisfying (99.22%).  

From table.3, we can see that the search speeds in Test.4 
(0.33sec/sen) and Test.5 (0.34sec/sen) are about one time faster 
than that in Test.3 (0.69sec/sen), which means tree-structured 
lattice are better than flat-structured lattice in improving search 
speed. We can also find that Test.5 gained the best performance 
(Recognition Rate 99.15% and speed 0.34sec/sen) within the 
three tests that use two-pass search, which means the expanded 
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N-best lattice is helpful in improving the recognition rate. 

Compared with the one-pass recognizer, the two-pass recognizer 
has a better performance. It not only gains a relatively high 
recognition rate (above 99.15%) that is close to the rate of the 
one-pass recognizer using CD models (99.22%), but also has a 
much faster search speed (0.33~0.69sec/sen VS 2.23sec/sen). 
Therefore, the two-pass recognizer is much more efficient than 
the one-pass recognizer. We think there are three factors that 
contribute to the performance. The first factor is the frame of 
two-pass search, which contributes to both the high recognition 
rate and the fast search speed. The second factor is the adoption 
of the tree-structured N-best word lattice, which contributes to 
the fast search speed. The third factor is the normalization of 
cepstrum and power coefficients over each sentence in the 
second-pass search, which contributes to the high recognition 
rate.   

In general, two-pass decoder using the expanded tree-structured 
N-best lattice is an excellent decoder in the task of Mandarin 
digit string recognition. Compared with one-pass search using 
only CI models, our two-pass search decoder achieved a 68% 
error reduction. Compared with one-pass search using only CD 
models, it achieved a 6.5 times faster search speed. Compared 
with two-pass search using flat-structured word lattice, it 
achieved about one time faster search speed. 

5. SUMMARY  

In this paper, we describe a novel two-pass continuous 
digit-string decoder and give detailed discussion about its 
performance of the decoder according to different levels of tests. 
Tests show that the two-pass decoder can have a high recognition 
rate and high recognition speed at the same time. In addition, we 
can find that the tree-structured lattice is effective in increasing 
the search speed and the expanded lattice is helpful in improving 
the recognition rate of Mandarin digit strings. 
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