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Abstract

Identifying spoken language automatically is to identify a language from the speech signal. Language
identification systems can be divided into two categories, spectral-based methods and phonetic-based
methods. In the former, short-time characteristics of speech spectrum are extracted as a multi-dimensional
vector. The statistical model of these features is then obtained for each language. The Gaussian mixture
model is the most common statistical model in spectral-based language identification systems. On the other
hand, in phonetic-based methods, speech signals are divided into a sequence of tokens using the hidden
Markov model (HMM) and a language model is trained using the obtained sequence. Approaches like
PRLM, PPRLM, and PR-SVM are some examples of phonetic-based methods. In research papers, usually a
U/ J) combination of phonetic-based and spectral-based systems are used to achieve a high quality language
L identification system. Spectral-based methods have been the focus of researchers, since they have no need
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for labeled data and usually achieve better results than phonetic approaches. Therefore, in this paper, these
methods used for language identification and different spectral methods, are introduced, implemented, and
compared with spoken language recognition.

The basic spectral language identification method is Gaussian Mixture Model-Universal Background
Model (GMM-UBM). In this paper, the MMI discrimination method is used to improve the Gaussian model
of each language. Moreover, in order to model the language dynamically, GMM is replaced with the ergodic
hidden Markov model (EHMM). GSV-SVM and GMM tokenizer methods are also implemented as two
popular spectral approaches. In this paper, novel speaker and channel variation modeling methods are used
as language identification approaches, including joint factor analysis (JFA), identity vector (i-Vector) and
several variations compensation methods exploited to improve the results of i-Vector.

Furthermore, in order to boost the performance of language recognition systems, different post-
processing methods are applied. For post-processing, each element of raw score vector indicates the degree
by which the spoken signal belongs to a language. Post-processing methods are applied to this vector as a
classifier and allows making better language detection decisions by mapping the raw score vector to a space
of desired languages. Different studies have employed different post-processing methods, including GMM,
NN, SVM, and LLR. This study exploits several score post-processing methods to improve the quality of
language recognition.

The goal of the experiments in this article is to detect and distinguish Farsi, English, and Arabic,
individually and simultaneously from other languages. The latter is also called open-set language
identification. The signals considered in this paper include two-sided conversations, whose quality is usually
not desirable due to strong noise signals, background noises of individuals or music, accents, etc.

Gaussian mixture-universal model (GMM-UBM) was implemented as the basic method. In this
approach, mean EER of the three target languages (Farsi, English, and Arabic) was 13.58. Experimental
results indicated that training the GMM language identification system with the MMI discrimination
training algorithm is more efficient than systems only trained by the ML algorithm. More specifically, the
mean EER of the three target languages was reduced about 8 percent in comparison to GMM-UBM. The
GMM tokenizer method was also tested as a novel spectral approach. Using this method, the mean EER of
the three target languages was also about 5 percent better than GMM -UBM.

In this study, the GSV-SVM discrimination method was also used for language recognition. The
results of this method were considerably better than those of common spectral approaches, such that the
mean EER of the three target languages was reduced by 11 percent in comparison to GMM-UBM. This
study improves the low speed of this method using a model pushing method.

This study also implemented two novel methods, JFA and i-Vector. According to the results, both of
these methods provide better results than GMM-UBM, such that the mean EER values of the three target
languages in JFA and i-Vector are respectively reduced by 1% and 12%. Generally, experimental results
showed that i-Vector provides better results than other spectral language identification systems.

This study is a result of a seven-year research in spoken language identification in the advanced
technology development center of Khajeh Nasiredin Tousi. The ongoing research includes studying and
implementing novel spectral language identification algorithms like PLDA and state-of-the-art phonetic
language identification methods to combine the two spectral and phonetic systems and eventually, achieving
a high quality language identification system.

Keywords: Automatic Spoken Language Recognition, Acoustic Approaches, Discriminative training,
Channel compensation, Identity Vector.
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method

For each language [ and session & :
y(l) < 0,2(h,l) < 0,
U « random(U is initialized randomly)
Estimate statistics : N(1), N(h,1), X (1), X(h,I)
fori = 1tonb _iterationsdo
forall h and ! do
Center statistics : X (h,1)
Estimate L(h, )" and B(h, 1)
Estimate z(h, [)
Center statistics : X(I)
Estimate y(I)

end

Estimate matrix U
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(Figure-1): Using NN, SVM, and GMM as a classification

approach for score post-processing in the GMM based
language identification system
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(Table-11): Applying neural network post-processing method
on different language identification approaches
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(Table-9): Applyingf variability compensation methods in i-
Vector approach (the number of guassian components is 256).
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