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ABSTRACT

Since it is by no means easy to achieve good
phoneme recognition rate for noisy telephone speech,
N-gram built upon recognized phoneme labels was
evaluated and was found to be more effective than
the N-gram built upon original attached phoneme la-
bels for language identification. The performance of
mixed phoneme recognizer, in which both language-
dependent and language-independent phonemes were
included, was also evaluated. Results showed the
performance was better than that using parallel
language-dependent phoneme recognizers in which
bias existed due to different numbers of phonemes
among languages.

1 INTRODUCTION

Phonetic feature is known to be one of the
important sources for language identification as re-
ported in earlier works [1-5]. Not only the differ-
ences of language specific phonemes but also the lan-
guage specific co-occurrence of phonemes (phonotac-
tics) can be used for language identification. How-
ever, efficient utilization of phonotactic constraints
heavily depends on the accuracy of phoneme recogni-
tion while good phoneme recognition is by no means
easy to be achieved, especially when the speech utter-
ance is noisy telephone speech. Thus, under the as-
sumption that phonemes are always misclassified into
a similar phonetic class or classes in proportion, the
N-gram characteristics of languages should be pre-
served after phoneme recognition of training data.
N-gram can then be built up from the recognized la-
bels, instead of the correct original attached labels,
for language identification.

Parallel language-dependent phoneme recogni-
tion always results in a bias due to the different num-
bers of phonemes in languages. To avoid the hap-
pening of this bias, a mixed phoneme recognizer can
be set up to include both language-dependent and
language-independent phonemes.

Therefore, in this paper, the performances of the
methods: N-gram built after phoneme recognition,
and mixed phoneme recognition, are presented.
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2 ALGORITHM
2.1 N-gram Modeling
Stochastic grammar of a language, i.e. N-gram is
shown to be a powerful feature to identify a language
in many works [1-5]. The two most common language
models used are unigram and bigram.. A unigram
language model can be expressed mathematically as

PT([}'L.‘) == P"'(PI:PZ;" ',PnlLi)

= [I Pr(p:lLs) (1)

k=1

where U is the utterance, L; is the language and p; is
the language specific phoneme. The model assumes
the occurrence of each phoneme is independent from
the others.

The use of bigram model may give more lan-
guage specific combinations of phonemes across lan-
guages since many mono-phonemes are not language
dependent. However, the much larger possible num-
ber of combinations requires more data for a reliable
estimate of bigram.

2.2 Parallel Phoneme Recognition (PPR)

Stochastic models for all fundamental pho-
nemes of each language are first created from train-
ing data. During recognition, the test utterance are
decoded by each language-dependent phoneme recog-
nizer. Likelihood score of each language is computed
from optimal phoneme sequence obtained from each
phoneme recognizer as well as the stochastic gram-
mar of each language, i.e. N-gram. The output with
the highest log likelihood score is then estimated as
the target language. Since each language has a dif-
ferent number of phonetic elements, there would be a
bias among the languages. The bias can be removed
by subtracting the average of the log likelihood for all
the recognized utterances as in [4].

2.3 Mixed Phoneme Recognition (MPR)

Instead of passing the input utterance to each
language recognizer in parallel, a mixed language
model is constructed to cover all the language-
dependent and language-independent phonemes of
the target languages(Figure 1). The bias due to dif-
ferent language recognizers can then be removed au-
tomatically. Since the log likelihood score of optimal
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Figure 1 Configuration of Language Identification System with
Mixed Phoneme Recognition

phoneme sequence can no longer be utilized from one
single phoneme recognizer, the score of N-gram ap-
proach is used after the mixed phoneme recognition.

3 CORPUS

The database used for evaluation is the OGI
Multi-language Corpus of telephone speech (Table
1). The data size was varied among languages as
the number of labeled data in each language was not
the same. Unlike other works [1-4] that have been
evaluated under common guidelines established by
NIST, our tests were run on a slightly different train-
ing/test split. Like the NIST evaluations, however,
only “story-bt” segments were used for testing, and
no speaker appeared in both training and test set. It
is expected that good identification rate is difficult to
be achieved. The average duration of each utterance
is about 45s.

Table 1 OGI Corpus

Language Abbre. | #Train Data | #Test Data
English EN 70 37
German GE 70 31
' Japanese Ja 50 35
Mandarin MA 55 35
Spanish SP 70 39

4 SPEECH PREPROCESSING

The speech utterances sampled at 8kHz, were
first preemphasized by a filter H(z) = 1 — 0.97z%.
Hamming window of length 25.6ms was then applied
at a rate of 10ms. From each frame, feature vector
consisting of 12 mel-scale cepstra, 12 delta mel-scale
cepstra and 1 delta energy value, was then computed.
All the preprocessings were implemented by the com-
mercial software HTK V1.5.
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5 EXPERIMENTAL RESULTS

5.1 Comparison of N-grams from Original La-
bels and Recognized Labels

Unigram and bigram were built upon original at-
tached phoneme labels as well as the labels obtained
from recognition respectively, so that their perfor-
mances could be compared to see whether N-gram
model built up from recognized phoneme sequence
would provide effective language identification.

Results as shown in Figure 2 indicate that uni-
gram and bigram obtained from recognized labels in-
stead, can effectively improve the identification rate
(ID Rate) in spite of poor phoneme recognition rate.
The performance of bigram is found to be superior to
that of unigram.

5.2 Effect of Channel Normalization

Since the recordings of the utterances were un-
der different acoustic environments and the results
in previous section did not deal with this issue, it is
reasonable to assume that phoneme recognition rate
would be increased after having channel normaliza-
tion on the data. As aresult, the effect of channel nor-
malization to the performance of N-gram built upon
original labels and that from recognized labels can be
evaluated. )

Mean cepstral subtraction was implemented for
the channe] normalization and the experiments above
were repeated.

The performances of N-gram built upon origi-
nal labels increase after having channel normalization
while the performances of the N-gram built upon rec-
ognized labels remain more or less the same. The
effect of channel normalization is more obvious on
the performance of bigram which has improvement
in both bigram from original labels and bigram from
recognized labels(Figure 3).

Table 2 Phoneme Recognition Rates from PPR

Language Without CH With CN
English 34.89% 37.33Y

German 34.35Y 36.03Y%
Japanese 37.21Y% 39.62%
Mandarin 35.98Y% 38.70%
Spanish 36.56Y% 39.38Y%

Comparison of phoneme recognition rates on
data having channel normalization(CN) to those
without channel normalization indicates that the im-
provement is only up to a few percentage(Table 2).
As aresult, the increases of the phoneme recognition
rates are not enough for the performance of N-gram
from original labels to be asymptotic to that of N-
gram from recognized labels. As long as the bottle-
neck of phoneme recognition cannot be solved, recog-
nized labels based N-gram seems to be more effective
for language identification.
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5.3 Use of Acoustic Likelihood Score

Besides the use of N-gram modeling, acoustic
likelthood score of optimal phoneme sequence ob-
tained from phoneme recognizer can also be used for
language identification.

Although the addition of acoustic likelihood
score to either unigram or bigram improves the per-
formance, when both the unigram and bigram are
used in equal weight, the performances cannot be
further enhanced(Figure 4). This implies that the
scores share some correlated information about the
languages and hence there is not much additional dis-
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tinctive information for performance enhancement.
5.4 Mixed Phoneme Recognition

Besides the language-dependent phoneme recog-
nizers used in parallel phoneme recognition (PPR), a
language-independent phoneme recognizer for mixed
phoneme recognition (MPR) was constructed.

The experiment was based on the phoneme mod-
els obtained before and the phoneme set was selected
manually to cover all the phonemes across languages.
The criteria of the selection are : 1) the phoneme is
language specific, e.g. /nj/ in Spanish, and 2) the
phoneme has the most training samples among all
languages so that the model should be more robust.

Results from MPR with channel normaliza-
tion(Figure 5) also indicate that the N-gram built
upon recognized labels is more effective than the N-
gram built upon original labels in providing better
performance. Even after having channel normaliza-
tion as shown in the figure, the performances of N-
gram from original labels are still much lower than
those from recognized labels. Hence, the use of N-
gram from recognized labels is vital to the effective
use of MPR.

As in the resylts of PPR, the identification rates
among different language pairs show variations. One
explanation might be that different language pairs
need different N-gram characteristics to optimize the
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Figure 5 Performances of N-grams with MPR

identification rate. Results show that the best aver-
age performance of about 90%, is obtained from the
use of MPR with unigram, for all language pairs.
Comparing the phoneme recognition rate of
PPR to that of MPR, it is apparent that the one from
PPR is much better(Table 3). However, the perfor-
mance of MPR is not affected by the poor phoneme
recognition rate when recognized label based N-gram
is used and the results are comparable to those of

PPR.

Table 3 Phoneme Recognition Rates from MPR

Language EN GE JA A SP

Phn. Ratel[%] | 28.33 | 26.75 | 22.79 | 26.21 | 24.79

5.5 Comparison between PPR and MPR for
Five Language Identification

Table 4 Comparison of Performances on Five Language
Identification
Method PPR MPR
(+ Acoustic
Likelihood Score)

Data type Train | Test Train | Test

Unigram 87.0% 62.7% 92.4% | 78.0%
Bigram 96.8% 68.9% 100% | 65.5%
Unigram+Bigram || 95.2% 66.7% 100% | 74.0%

Although identification between language pair
can give an accuracy higher than 90%, five language
identification results in a large decrease of perfor-
mance as shown in Table 4. There is quite a signif-
icant decrease in performance from training data to
testing data. The approach that achieved the high-
est accuracy of 78.0% on testing data is MPR with
unigram.

The performances of MPR with N-gram are in
general superior to those of PPR with various com-
binations. Although the use of bigram provides more
language specific information and so better result is
expected, results on testing data show that the use
of MPR with unigram gives better performance than
that with bigram. Probing for the cause, it is found
that the identification rate between English and Man-
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darin, the one between German and Japanese and
the one between German and Mandarin, decrease
sharply(Figure 5). It is suspected that bigrams es-
timated for Japanese and Mandarin, are not accurate
enough since the number of training data is small
while the number of possible phoneme combinations
in MPR increases a lot.

6 CONCLUSION

Results show that unigram and bigram esti-
mated from labels after phoneme recognition are ef-
fective for language identification as language charac-
teristics are still preserved. Even when the phoneme
recognition rate is increased slightly by having chan-
nel normalization, the N-gram from recognized la-
bels still gives better performance since the phoneme
recognition rate is not high enough to have the rec-
ognized label sequence close to the original labeled
phoneme sequence.

Not only eliminating the bias due to different
phoneme numbers among languages, but also reduc-
ing the longer computational time required in PPR,
MPR is found to be capable of achieving performance
better than PPR.
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