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ABSTRACT

A speech processing system is often required to
pe-form in a different environment than the one for
which it was nitially developed. In such a case, data
frcm the new environment may be more limited in
quantity and of poorer quality than the carefully
selected training data used to construct the system
initially. We investigate the process of porting a
Spoken Language Identification (S-LID) system to a
new environment and describe methods to prepare it
for more effective use. Specifically we demonstrate
that retraining only the classifier component of the
system provides a significant improvement over an
initial  system developed using acoustic models
channel-normalized to the new environment. We also
fird that the most accurate system requires
refraining of both the acoustic models and the final
classifier.

Index Terms — Spoken Language Identification,
S-LID.

1. INTRODUCTION

Spoken Language Identification (S-LID) is the
process whereby a sample of audio speech from an
urknown source is classified as one of several
possible languages [1]. This can be done in a number
of ways, including sampling the prosodic information
or processing information extracted from specified
tokens, wher2 such tokens may be phonological or
syntax related [2]. In the latter case, spoken LID
differs significantly from textual LID because text
already consists of properly defined and accurate
tokens {(such as alphabetical letters) while these
tokens (such as phonemes) must first be extracted
from audio speech, and may not be accurate.

In addition, more accurate S-LID systems usually
are more complex and require a larger amount of data
to create systems with sufficient performance [3].
The popular Parallel Phone Recognition and Language
Model (PPR-LM) approach [1] provides reasonably
high system accuracy with acceptable data
requirements, and is the approach experimented with
in this paper.

In a PPR-LM system, separate phone recognizers
are used to tokenize an incoming audio signal
individually, and a classifier trained to identify the
language spoken based on the token strings received
in parallel from the various phone recognizers.
Initially based on language modeling scores, various
classifiers have since been used in literature, with
Support Vector Machines (SVMs) achieving high
accuracy [4].

Once developed for a specific environment, it is
often required that a S-LID system be ported to a new
environment. Data from such a new environment may
be more limited in quantity and of poorer quality than
the carefully selected training data used to construct
the system initially.

We investigate the process of porting a PPR-LM
based S-LID system to a new environment and
describe methods to prepare it for more effective use.
Specifically we compare the effect of re-training the
classifier component with that of re-training both the
acoustic modeling and classifier component and report
on results.

The paper is structured as follows: In section 2 we
describe the design of our baseline system. In section
3 we describe the porting process step by step,
specifically focusing on data preparation, initial
system adaptation, classifier adaptation, acoustic
model adaptation and final analysis. Section 4
contains some concluding remarks.
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2. BASELINE SYSTEM DESIGN

‘We develop an initial S-LID system able to
identify three languages: English, French and
Portuguese. English data is obtained from the Wall
Strzet Journal corpus, and French and Portuguese
data from the GlobalPhone corpus [6]. (These two
corpora have similar acoustic characteristics.)

Jsing a PPR-LM approach, we develop three
Automatic  Speech Recognition (ASR) systems
capable of perionming phone recognition, each in one
of the languages English, French or Portugues. These
ASR systems utilize Hidden Markov Models (HMM)
which have been trained to recognize bi-phones from
Mel Frequencies Cepstral Coefficients (MFCC). The
training of the HMMSs as well as the extraction of the
MFCCs from the audio signal are performed using
the. HMM Tool Kit (HTK) [7]. These phone
recognition systems run in parallel with one other,
cach yielding a phoneme string for a given speech
sample.

‘We use the '‘Bag-of-Sounds' principle to model the
frequencies of phonemes as a vector, with the
frequency of each phoneme within the sample of
speech representing an element of this vector. These
vectors are then used to train a Support Vector
Machine (SVM) using the LIBSVM [5] toolkit. In all
experiments, a radial basis function kernel is used
and the kernel width and misclassification cost are
optimized using a grid search. Multiple classes are
handled using a 1 against n-1 scheme.

Jsing a flat phone grammar with approximately 40
phones per language, we achieve phone recognition
accuracies of 48% to 66% for the three ASR systems
on an indeperdent test set. While these accuracies
seem fairly low, they are sufficient to obtain highly
accurate S-LID results, as displayed in Table 1. S-
LID results ate obtained using the same test set as
used to report on ASR accuracies, and durations of
the speech samples range from 10 to 60 seconds each.

Language Word recognition = S-LID accuracy '
accuracy
Lnglish 52.8% 98.9%
French 66.2% 94.9%
Portuguese 48.1% 97.7%

Table 1: Accuracies achieved by baseline system

3. PORTING THE S-LID SYSTEM

In this section we first discuss the new environment
investigated and the data available from this
environment, before providing detail with regard to
the different aspects of our approach to porting the S-
LID system, specifically consisting of (1) data
preparation, (2) initial system adaptation, (3) classifier
adaptation, (4) acoustic model adaptation and (5) final
analysis.

3.1 Data description

In order to investigate porting of the S-LID system to
a new environment, we utilize a telephone corpus of
African variants of the three languages of interest
(referred to from here onwards as the African corpus).
The African corpus consists of approximately 45
hours of speech separated into English, French and
Portuguese variants spoken on the African continent.
The speech is untranscribed and no additional speaker
information is available. Single calls are assumed to
be from a single speaker and most calls are assumed
to be from different speakers. The amount of data, in
hours, is displayed in Table 2.

The initial S-LID system is therefore required to
perform in a new environment with significantly
different channel conditions and speech dialects. In
addition, the new data contain non-speech signals as
well as competing background noises.

Data from the three different languages in the new
corpus are identified according to language. The new
corpus is separated into a training and test corpus as
indicated below, with the same test set used to report
on results. Care is taken to ensure that the same
speaker is not included in both the training and test
set.

‘Language N éIGBAiﬁhdne :African Corpus
- wain  test  train |test
English |Hows [202 485 11677 |43

Spéake;s 7 83" - .719 250 25
French bHourrs 21.6 15.3 :8.25 ‘207
sl e o
“Portugue Hours - 14.4 13.6 1118 7284
%€ Speakers ' 77 25 |08 28

Table 2: Training and testing data statistics.
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Figure 1: S-LID Accuracy when the GlobalPhone
ASR system is used, but the SVM is trained on
different corpora.

3.2 Data Preparation

Our first task is to pre-process the new data. We use
diarization techniques to separate the different
speakers and to remove any non-speech signals. We
also remove long sections of silence from the audio,
perform ampl:tude normalization and segment the
new audio files into sections of no larger than one
minute each.

3.3 Initial System Adaptation

Once the new data has heen preprocessed (as
above) it can be used to estimate the channel
conditions of the new environment. The GlobalPhone
corpus can now be downsampled (to 8KHz, the
sampling frequency of the African corpus), amplitude
normalized and channel normalized in order to better
match the new environment [8].

n order to verify the new system, ASR and S-LID
accuracies are calculated using the same test corpus
as before. While ASR accuracies decrease with
between 7% and 14% absolute, overall S-LID
accuracy increases from 97.18% to 98.26%.

t should be noted that these results still refer to
data from the previous (GlobalPhone) environment.
Once this system is tested using the new data, an S-
LID accuracy 2of only 47.02% is obtained.
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Figure 2: S-LID Accuracy with the African corpus
when different ASR systems are used

3.4 Classifier Adaptation

We now adapt the classifier to the new environment:
we (okenize the new training data using the
normalised GlobalPhone recognizers and use these
phone stings to re-train the SVM. S-LID accuracy
improves dramatically, from the previous 47.02% to
62.57%. The differences in performance between an
optimal system (GPhone train&test), an unported
system (GPhone train & African test) and the ported
system with only the SVM adapted (African train &
test) are depicted in Figure 1.

3.5 Acoustic Model Adaptation

In order to further improve the performance of the
system with the African corpus, we train new
acoustic models for the tokenizers. We use the
normalised GlobalPhone recognisers to bootstrap
transcriptions for the new data (since the African
corpus is not transcribed), and use these transcriptions
to train new acoustic models. [9] Once new acoustic
models are trained, these are used to re-tokenize the
new audio data and re-train the classifier.

Initially results are disappointing as S-LID
accuracy falls to 60.58%. However, when
transcriptions are filtered to exclude the training and
test utterances that were clearly hard to recognize
(transcriptions that contain fewer than one and a half
phones per second) S-LID accuracy increases to
68.88%. This is the highest accuracy obtained using
the full test set. The effect of using different ASR
systems on S-LID accuracy is depicted in Figure 2.



3.6 Final Analysis

Wthile an improvement from 47.02% to 68.88% is
significant, these results are still lower than
anticipated anxd further analysis of the data set is
required. When subsets of the new data set are
systematically listened to by human verifiers it is
noted that the new corpus contains data of highly
variable quality.

‘While initial random testing of the corpus
provided some indication of the quality of the data, a
systematic analysis by human verifiers indicates that
significant portions of the corpus  contain the
following problematic subsets:

- Data incorrectly labeled or unusable, meaning

that the language spoken is neither English,

French or Portuguese (‘Unusable’).

Data correctly labeled, but spoken with a

strong accent (‘Accented’).

Data correctly labeled but consisting mostly

of noise with similar spectral characteristics

as speech, which the diarization system did

remove (also included as ‘Unusable’).
Daia correctly labeled and identifiable as either
English, French or Portuguese are indicated as
‘Correct” by the human verifiers. The number of
samples evaluated that falls within each category for
cach of the lariguages is listed in Table 3. (Note that
only a subset ¢f the full corpus was evaluated.)

L.anguage Unusable Accented Correct
English 109 ‘ 72 ‘ 118
French 110 v 4 ‘ 159

Poruguese 35 ‘ 1 | 109

Table 3: Number of samples per category as verified by
human verifiers

‘This table provides a new perspective on the results
obtained (in Section 3.5). As a large percentage of the
samples are ir fact unusable, an S-LID accuracy of
68.38% is indeed highly encouraging. Further
analysis and optimisation can now be done using the
smaller “correct” subsets in order to obtain a better
indication of system performance.

4. CONCLUSION

In this paper we describe the process of adapting an
existing S-LID system to a new environment. We
describe the different stages in such a process and
provided results for each stage. We highlight the
importance of verifying the quality of the data from
the new environment systematically as an important
step during system porting. We show that
bootstrapping transcriptions from existing ASR
systems, and re-training the classifier using the
bootstrapped transcriptions provide a significant
improvement in performance and that the most
accurate system requires retraining of both the
acoustic models and the final classifier, this is with a
small margin only

In further work we are currently repeating some of
the above experiments using only the small portions
of data identified as “Correct” during human
verification. We are also investigating automated
mechanisms to identify problematic audio samples
during system development.
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