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1. INTRODUCTION utterance speech database using the Baum-Welch al-

In this paper, we describe a new word spotting al-
gorithm based on forward decoding. In past studies,
continuous dynamic programming[1] had been pop-
ular for word spotting. This algorithm which uses
dynamic programming is considered to have a free
start point and end point, and is controlled by some
criterion; determining this criterion is very difficult.

The proposed decoding algorithm basically per-
forms comparison for the score of the last state of
any word HMM. Therefore, it is expected to obtain
a higher performance than continuous dynamic pro-
gramming. Also we describe the problem of Viterbi
decoding and explain that this algorithm may resolve
the above problem.

2. ERGODIC HMM CONNECTING
WORD HMMS WITH WORD BIGRAM
PROBABILITIES

Connecting word HMM models to each other with
word bigram probabilities, results in the network be-
coming a large single Ergodic HMM consisting of
multiple states and transition probabilities. This Er-
godic HMM 1s shown in Fig. 1.

Word bigram

HMM word1 HMM word2

HMM word3 HMM word4

Figure 1: Ergodic HMM connecting Word HMMs
with Word bigrams

The transition probabilities from one word HMM
to another word HMM correspond to word bigram
probabilities and are estimated from the existing text
database. The word HMMs are estimated for a word
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gorithm.

3. DECODING FOR OPTIMAL STATE
SEQUENCE

Given the Ergodic HMM parameters and speech data,
we consider the problem of estimating the optimal
state sequence. To resolve this problem, the Viterbi
decoding is a formal technique for finding the sin-
gle best state sequence. Word sequences are directly
estimated to obtain this optunal state sequence.

Now, we propose the new decoding algorithm.
We call this algorithm the forward decoding. It is
described in the following.
3.1. Forward decoding ( New spotting al-
gorithm )

In this algorithm, first, a score is calculated for sum-
ming each score of a state. Next, the optimal state
sequence is assigned for the best score of each frame.
This decoding algorithm is given as follows.

s¢ : optimal state sequence at time t;
8:(j) - score at time t and state j ;
N : number of states for Ergodic HMM ;
ai; ; transition probability at state ¢ to j3;
b;(0:) ; output probability at state 5
when the observation vector is (o) ;

1. For all states ¢ € {1,..., N}
61 (3) = my x bi(or)
st = arg max; 81 (7)

o

Calculate j € {1,..., N} along the time axis for
t=2,....,7 and for all states j, compute:

8:() = 2 _;[6e—1(8) x as; x bj(0:)]

sf = arg max; 6.(j)
3. The final score is given by :
S PO,S| M) =Y b62(3)
s = argmax; é7(7)
Finally, if the optimal state sequence is the last

state of any word, it is assumed that this word is
recognized.

This decoding algorithm is similar to the forward-
backward algorithm[5]. However, it can recognize
the word for each frame, and therefore, can be re-
garded as a kind of word spotting algorithm.
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4. CONTINUOUS SPEECH
EXPERIMENTS

To show the effectiveness of this algorithm, we car-
ried out continuous speech recognition experiments.

4.1. Experimental conditions

We developed a word HMM to connect phone HMMs.
To train continuous mixture HMMs, 2,635 word ut-
terances were used. For the training of bigram proba-
bilities, 8,475 sentences of the ATR Dialog Database
were used in text-open experiments and smoothed
by the deleted-interpolation algorithm [4]. Then the
same 8,475 sentences plus 38 test sentences were used
in text-closed experiments. In this way, it was pos-
sible to perform both the text-open and text-closed
experiments using the same test data. To reduce the
memory requirements, we used beam pruning. The
results of these experiments were evaluated in terms
of the word correct rate and word accuracy rate{3].
The experimental conditions are summarized in Ta-

ble 1.

Table 1: Experimental conditions

Table 2: Experimental results

Forward decoding | text-open | text-closed

word correct 34.0% 36.3%
word accuracy 25.9% 29.0%
Viterbi decoding | text-open text-closed |
word correct 54.1% 56.8%
word accuracy 20.1% 23.6%

that the local optimal state for each frame corre-
sponds to the global optimal state sequence for the
test data. However, this assumption is sometimes
broken. Going back to forward decoding, it is based
on the local optimal state for each frame. There-
fore, combining viterbi decoding and forward decod-
ing that is instead of beam pruning, may result in a
better recognition algorithm.

6. CONCLUSION

In this paper, we deseribe a new word spotting algo-
rithm that uses forward decoding. This algorithm is
based on the Ergodic HMM. It basically performs

3-state 4-loop
continuocus mixtunre HMM

phone model

comparison for the score of the last state of any
word HMM. Therefore, it is expected to obtain a

mixture number
acoustic parameter

max 10 { valid for each syllable ) higher performance than continuous dynamic pro-
16th order LPC cepstrum + power gramming. Results of experiments showed a 36 %
+A power + 16th order A cepstrum word accuracy rate which is superior to that by Viterbi

frame window 20 ms

frame period 5 ms

training voice word speech (2,620 words)
# syllable categories 26 syllables

decoding.

In the future, we plan to make a comparison be-
tween this new spotting algorithm and past continu-
ous dynamic programming. In addition, we will try

language model word bigram
training data 8,475 sentences (57,354 words)

to make a new continuous speech recognition algo-
rithm that combines Viterbi decoding and forward

vocabulary 435
beam width 4,096

test sentence count 38 sentences

decoding.
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