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Abstract: In this paper we present an isolategrord recognition system using first HMM to
recognize the underlying sequence of phonemes, then DP and phoneme&ram matching
techniques to determne the corresponding nearest idealized phoneme sequences in the
dictionary. Our approach is based on the observation that there is almost d@moee match
between phonemes and letters in the official written Finnish language and a representation of
thewords in the dictionary as phoneme sequences. A significant advantage of our system lies
in its ability to easily modify the dictionary without retraining the ASR models. Speaker
dependent word recognition experirtseecan show an achievement o#®8cogniion rates.

1. Introduction

It seems to be safe to state that in most ASR applications it is essentially
impossible for the (predefined) dictionary to cover all the words. For this reason it is
highly desirable to implement an ASR system with a dynamical ly changing
dictionary where the recognition is made in several steps: a first step that is
independent of a (given) dictionary and higher steps (post -processing) with a
dictionarydependent recognizer.

The post-processing technique differs from the existi ng approaches where
multiple knowledge sources are combined into a single search (see, e.g. [4]). Several
authors have studied this approach for continuous speech (see, e.g. [1,10]). In those
methods the second stage is processed using statistical methedsisolatedword
recognition a number of recent studies were made (see [2] for speakelependent
and [7] for speakerindependent recognition systems) using Neural Network in the
first stage and dynamic programming (DP) as a-postessing algorithm.

In the present paper we divide the ASR system into three stages: (1) we use
HMM to recognize the sequence of phonemes that make up the word to be
recognized; (2) since the official written form of Finnish language is accurate
enough to be used as the phoiateference transcription, we take the outputs of the
phoneme recognizer as input, the phoneme sequences in the dictionary as reference
data and a Levenshtein type BrRatching (see [3], p. 154) is used for generating the
N-best candidates; (3) finally a fnoneme based 1gram matching is used to select
one of the N -best candidates of the second stage as the recognized phoneme
sequence.

In the following, we first present the method of the phoneme recognition
component. We then describe the word recognitiorgakithm and finally report on
experimental results of the system.
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2. The method for phoneme recognition

The phoneme recognition is performed for discrete dictated words. The
recognizer utilizes discrete hidden Markov models (HMM) and each phoneme has a
sepaate model [8,9]. The output of the HMM decoding is a sequence of phoneme
symbols.

Sixteen Finnish phonemes were chosen as phoneme models. In addition separate
models for the silence and the airflow at the end of a word were created. Plosive
phonemes /k, gp, b, t, d/ are not recognized at all, instead the silence model is
trained to include all of them. All models are fivstate leftright HMM models. The
models are using a multiple codebook approach [6] to produce discrete output
symbols. Three codebookare used for every frame of the speech features. One
codebook contains the power and the power difference, the other two are used for
the MFCC coefficients and for the difference of the MFCC values. The length of the
delay for calculating the differencalues was 80 ms

The phonetic Hidden Markov Models were trained separately with hand labeled
training data by using the BaunrWelch algorithm. In the recognition stage, spoken
word utterances are automatically segmented and classified to symbolic phoneme
saquences. The trellis for the Viterbi algorithm is constructed by representing every
phoneme in a single trellis. The path can move from the last state of any phoneme to
the first state of every other phoneme. The trellis is updated until the model 'silence
have been the best state for 700 ms, which marks a silence between words. After
that the best path through the trellis is determined by back tracking the best
transitions. The phoneme sequence is obtained by identifying the corresponding
models that lien the best path.

3. The word recognition algorithm

As shown in the previous section the phoneme recognition system (which can be
described as an operator box A that consists of the phoneme recognizer as well as
the dialect of the speaker, the speaker condition, the acoustic environment, the
microphone, etc.) is applied to a word utterance  w and produces a phoneme
sequencep. The phoneme sequence p is expected to describe fairly well the
utterancew. In Finnish languagep and w are expected to be almost identicd hat,
however, will not be the case because of the components that the operator A
contains. Our goal is now “how to build a model so that we can reeofrem p?”

To this end, since we can exploit the fact that there is a orte-one relationship
between the letters and the phonemes in Finnish, we shall first represent the words
in the dictionary as phoneme sequences. Then, we present a straightforward
technique (posiprocessing) for detecting and correcting recognition errors in two
stages: (1) we immment an optimization method based on-BRitching to generate
alist of N -best phoneme sequences in the dictionary that match the phoneme
sequence; (2) we use a phonemebased rgram to select one of the Noest list as
the recognized phoneme sequence.Whele architecture is shown in Figure 1.
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DP-matching: First, for each phoneme sequencev in the dictionary and a given
phoneme sequengefrom the phoneme recognizer, we compute a distance matrix
ed[i,j] by the following Dynamic programming (DP) algdrit (see [11] for details):
Start
ed[0,0]:=0;
for each column i from 1 to length(ad ed[i,0]:=ed[i -1,0]+IC(W[i]);
for each row j from 1 to length(mo ed[0,j]:=ed[0,j-1]+DC(p[j]);
for each column i from 1 to length(\dd
for each row j from 1 todngth(p)do start

m1l:=ed[i-1,j]+IC(w]i]);

m2:=ed][i,j-1]+DC(pl[j]);

m1:=ed[i-1,j-1]+SC(WI[i],p[i]);

ed[i,j]J=min(m1,m2,m3);

end

end
where, in thealgorithm,w{i] and p[j] are the i:th and j:th symbol for the sequences
andp, respectively]C(s) and DC(s) represent the costs for insertion and deletion of
the symbol ‘s’, respectively, and SC(s1,s2) is the cost for the substitution of the
symbol ‘s1’ by ‘s2’. For handling plosive phonemes, the silence model trained to
include all of them (see Section 2) is replaced by the symbol ‘?’. In this paper we
adapt a Levenshtein type costs. In particular, IC=DC=1 and SC(s1,s2)=0 if either sl
and s2 are the sme or sl is a plosive phoneme and s2 is the symbol ‘?’, otherwise
SC(s1,s2)=1. After computing the distance matrix we obtain the edit distance
between each utterance  w in the dictionary and the sequence P,
ED(w,p):=ed[length{v) length)]. If there is one  utterancewlin the dictionary
whose phoneme sequence has the least EB(,p) value it will be chosen as the
recognized word utterance. If, on the other hand, there is more than one utterance
with the least ED(w,p) value then we have a list of N-best utteraces that will be
processed by phonemegram matching.
Phoneme ngram matching The phoneme n -grams of a sequence are its sub -
sequences of n adjacent phonemes. For example, the sequéopéida’ has as 2
grams (bi-grams) ko, op, pi, io, 0i, id, da . The n -gram matching between two
sequences is to find the number of-grams common to both. Here we first replace
the plosive consonants in the dictionary utterances by the symbol ‘?’. Then we first
use bigram matching. The utterances in the-Nest list from the DP matching that
has the highest match with the phoneme sequepgenerate another Mbest list. If
M=1 the utterance will be chosen as the recognized word. Otherwise, we repeat the
same procedure usingdram (uni gram) matching. If, in the latter cas we do not
get one single utterance in the Mest list, then the sequencp will be declared as
unrecognized.

4. Results
4.1. Performance of the basic phoneme recognizer

The training material consisted of about 1400 words. A Finnish text of about 3D
words was read aloud three times and an another text of 500 words was read aloud

69



doulaye
69


once. The total amount of training material was 12650 instances of phonemes for 18
models. All instances were over 50ms long and the amount of instances per
phoneme was beten 200 and 1100.

Original utterance
kopioida

v

The boxA (Phoneme

recognizer, microphone,etc.)

|

Phoneme sequence (P
O?iyuia

v

Recognized
Utterance

kopioida

Dictionary ——®| DP-matching
N-best
(N=10;

kuin, olisi, apua, oppi, ottaa,
..... , kopioida)

n-gram matching

bi-gram matching (first) — oppii, kopioida
+ (if necessary)

uni-gram matching

Figure 1. The system architecture

-

O?iyuia

The same 3006word text corpus was read aloud once more for generatg test
material for the phoneme recognizer. The test material contained a total of 2219
phonemes and the recognizer had technical prerequisites to recognize 1587 of them.
The total number of correctly recognized phonemes is 1458, which leads to
percentagef correctly recognized phonemes to be 91.9 %. The percentage of
recognition errors is 15.6 % and the distribution of the types of the recognition
errors is 18.1 % deletions, 41.5 % additions and 40.3% replacements.
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4.2. Performance of the word recogrizer

For the recognition of the word utterances, our test data consists of 157 words
randomly selected from the 300 -word test material discussed more closely in
Section 4.1. The dictionary consists of 1200 different words from a text corpus.

With the conplete dictionary we found a recognition rate of 85% when DP and
n-gram matching are used and 66% when only DP matching is used. Next, we
decreased the size of the dictionary step by steyth the test words being selected
from the active dictionaryWe found that, as expected, the smaller the size the better
performance we get in the recognition. The smallest dictionary size was 160 words,
and the corresponding performance figures were 95% and 85% with our enhanced
method and the basic DP method, respeatly. For each size of the dictionary the
use of DP and n-gram matching gives a significant increase of 10%17% in the
performance of the recognition compared to when we only use the basic DP
matching. The recognition rates obtained for different sizes ofthe dictionary are
summarized in Figure 2, where the rate is plotted against the size of the dictionary.
The curve on top is when DP and n-gram matching are used and the one on the
bottom is when only Diatching is used.

A further advantage of our recogrizer is that when the dictionary is changed
there is no need to perform any retraining of the recognizer.

9 9 o @ N N @ © o v 2
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Figure 2. The word recognition rates (in percentage) against the dictionary size. On
top when DP and4gram matching are used. On bottom whegraim is not used.

5. Conclusion

We have developed an ASR system for recognizing Finnish words. In the system
phonemes are recognized first. Then, words are recognized by ppsbcessing the
output of the phoneme recognition. In the pgsbcessing we first se DRmatching
to generate a list of N -best sequences and then a phonemegram matching for
selecting one of the Mbest list as the recognized word. An important property of our
method is that the size and contents of a dictionary can change dynamidaley/ o
changes are required to the language models. We have found recognition rates
between 85% and 95% depending on the size of the dictionary.
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