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Abstract—Self-attention networks are being popularly employed in sequence classification and sequence summarization
tasks. State-of-the-art models use sequential models to capture
the high-level information, but these models are sensitive to
length of utterance and do not equally generalize over variable
length utterances. This work explores to study the efficiency of
recent advancements in self-attentive networks for improving
the performance of the LID system. In self-attentive network,
variable length input sequence is converted to fixed dimensional
vector which represents the whole sequence. The weighted mean
of input sequence is considered as utterance level representation.
Along with the mean, a standard deviation is employed to
represent the whole input sequence. Experiments are performed
using AP17-OLR database. Use of mean with standard deviation
has reduced the equal error rate (EER) with an 8% relative
improvement. A multi-head attention mechanism is introduced
in self-attention networks with an assumption that each head
captures the distinct information to discriminate languages. Use
of multi-head self-attention has further reduced the EER with
a 13% relative improvement. Best performance is achieved
with multi-head self-attention network with residual connections.
Shifted delta cepstral features (SDC) and stacked SDC features
are used for developing LID systems.
Index Terms—Language identification system, Deep neural
network, Self-attention mechanism, Multi-head, Equal error rate

I. I NTRODUCTION
Language identification (LID) refers to the task of detecting
the language from a spoken utterance. Most of the speech
technology applications use LID as a front-end module to
switch between multiple languages [1]. Some of them are
multilingual automatic speech recognizers (ASR), multilingual
dialogue systems, and voice service applications such as call
routing systems. Spoken utterance contains information about
the message, language, emotion, age, and gender, etc. LID
system has to be invariant all the other information in addition
to noise.
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LID systems are majorly categorized into two types i.e.,
explicit and implicit LID systems. In an explicit LID system,
an acoustic sequence is initially tokenized to an intermediate
representation such as senones, phones or tokens and the
sequential information in the intermediate representation is
modeled for developing LID systems. In an implicit LID
system, the acoustic sequence is directly modeled to detect
the language of the spoken utterance. In this work, implicit
systems are studied for developing LID systems.
In the early stages of the LID Gaussian mixture models
(GMM), Gaussian mixture models with universal background
models (GMM-UBM) are explored for developing LID systems [2]–[4]. Deep neural networks (DNNs) are used for
developing LID systems and these systems shown better
performance with the vailability of larger sized datasets [5],
[6]. Though DNNs have performed better, the probabilities
computed for each frame are to be averaged over the utterance
to obtain the language ID. LID systems which can capture
long temporal information form the accoustic sequence can
perform better [7]–[9]. i-vectors convert the variable length
sequence to fixed dimension continuous representations, ivectors are used as features for training LID systems [10].
Multilingual bottleneck features are explored for developing
LID systems [11]. The performance of the LID system can
also influence varying background and mobile environments
are explored in [12], [13].
Recently recurrent neural networks (RNNs) and convolutional neural networks (CNNs) have been explored for developing LID systems [14], [15]. Bottleneck features along with
bidirectional recurrent DNN with gated recurrent neural units
have been used for developing LID systems [16]. Though the
sequential models like LSTMs can process the whole input
sequence they cannot be parallelized. Self-attentive networks
have been recently explored for developing LID systems [17],
[18]. In [19], [20] this long-term temporal context is achived

by appending successive shifted delta cepstral (SDC) features
i.e stacking SDC. LID systems developed by stacking SDC
features have shown significant improvement compared to
the system trained with SDC features. Attention mechanism
shown significant improvement in machnetranslation,image
captioning, and ASR. Self attention mechanism is used to
convert variable length sequence to a fixed dimension vector
and fixed representaions is used to discriminate languages.
Self-attention mechanism aggregates the frame level features
by selecting important frames and the selection is done by
scaling the frames through a parametrized attention layer.
Mean of attentively weighted frame level representations is
considered as the representation of the whole utterance. The
whole network can be trained as a single-framework through
back-propagation.The study explores the recent advancements
in self-attention networks along with residual connections for
the task of language identification.
In a self-attention network, along with the mean standard
deviation of the hidden representations is also considered
for representing utterance. Multi-head attention mechanism
is introduced in a self-attention network to further improve
the performance. Multiple heads in a self-attention network
can capture various discriminative features [21]–[23]. Multihead self-attentive networks have been recently studied for
developing text-independent speaker verification and for developing speaker embeddings [21]–[25]. Residual connections are
added to this network. Residual networks are act as feature reestimators [26]. Features which can model the long temporal
context have performed better in LID systems [19]. SDC and
stacked SDC features are used for developing LID systems.
The remaining paper is organized as follows: Section II
explains the details of multi-head self-attention architecture.
The experimental setup and results are presented in Section III.
Conclusions and future scope are presented in Section IV.

Fig. 1: Block diagram explaining various aspects of a multihead self-attention network. [24]

activations after the frame level feature extractor network.
Where L is the length of input acoustic sequence.

II. M ULTI - HEAD SELF - ATTENTIVE NETWORK

H = f (Wih S + bih )

The basic architectural aspects of multi-head self-attention
networks are briefly described in this section. A self-attention
network is a feed-forward network with an attention mechanism. The architecture can be explained [24], in five different
blocks, i.e.,

Where f is the nonlinear activation function. Wih , bih are
hidden layer parameters, dh is the dimensionality of the hidden
representations. In this study, ReLU functions are used as
nonlinearities
These hidden activations are used by the self-attention layer
which is second block in the network to produce a scalar value
for each frame and these scalars are considered to represent
the relative importance of each frame.

•
•
•
•
•

Frame-level feature extractor.
Self-attention layer.
Pooling layer.
Utterance-level feature extractor.
Multi-head attention.

as shown in Fig. 1.
The first block is frame-level feature extractor, which takes
the sequence of speech features as input and produce the
hidden activations as output. The following neural networks
are applied for the frame level feature extractor such as
DNN, residual neural networks (ResNet). As shown in Fig 1,
I1 , I2 , ..Ii are number of hidden layers depend on requirements. Let S = [s0 , s1 , ...sL ] be a sequence of acoustic vectors
and H = [h1 , h2 , h3 ...., ht , ...hL ] be the corresponding hidden

et = tanh(Wa H T )

(1)

(2)

The dimension of et is 1 × L. The values of et are normalized
using a softmax activation.
αt =

exp(et )
L
X

(3)

exp(et )

t=1

Here αt are the scalar values that specify the relative
importance of each frame.

The pooling layer is the third block, which takes variablelength frame-level features as input and converts to fixeddimensional vector. The most standard type of pooling layer
obtains the average of all frame-level features. In this network,
self-attention layer is embedded into pooling layer as shown in
Fig. 1. This layer provides weights for each frame to compute
weighted hidden representations. The pooling layer compute
mean and standard deviation of these weighted hidden representations.
L
X
µt =
αt ht
(4)
t=1

v
u L
uX
αt ht ht − µt µt
σt = t

(5)

t=1

Where represents Hadamard product. Both weighted mean
and standard deviation vectors are concatenated, which represent the whole utterance.
The utterance level representation is fourth block, further
passed through a utterance level feature extractor which is a
single feed-forward layer as shown in Fig. 1. Output dimension
of this feed-forward layer is the number of language classes.
A softmax activation function is employed to convert these
activations to the language probabilities.
Finaly, Multi-head attention networks have multiple selfattention modules to compute various utterance level representations. These representations are concatenated and given as
input to the utterance level feature extractors. Multi-head can
be implemented with ease by modifying the dimension of the
attention layer, i.e., Wa is heads × dh . Multi-head attention
is expected to capture different aspects that can discriminate
languages. In the case of multi-head, a penalty term is added to
the objective function to ensure each head capturing dissimilar
information.
penalty = ||Wa WaT − I||2F

(6)

Where ||.||F represents the Frobenius norm of the matrix.
Implementation details of this architecture have explained in
next section.
III. E XPERIMENTAL SETUP AND R ESULTS
A. Database
In this paper, experiments have been conducted using AP17Oriental Language Recognition (OLR) challenge database.
The Database has collected under the National Natural Science Foundation of China (NSFC) project by Speech ocean
and Multilingual Mino-lingual Automatic Speech Recognition
(M2ASR). It consists, data of 10 languages Russian, Korean, Cantonese, Mandarin, Japanese, Indonesian, Vietnamese,
Kazakh, Tibet, and Uyghur. Each language has around 10
hours of data. From each language, 1800 utterances have used
for development set, and remaining have used for training.
Test data consists of full-length(5-sec) utterance. All the results
have reported in this paper are tested on full-length utterances
in terms of the equal error rate (EER) in percentage.

B. Shifted delta cepstral features
SDC features capture long-term temporal variations by
spanning information over multiple frames. Here SDC features
are computed using MFCC features. From every 20 ms frame
with an overlap of 10 ms, MFCC features are extracted. Let
x(t) be a frame level acoustic vector (MFCC) delta-cepstra are
computed using equation 7
δd (t, i) = x(t + ip + d) − x(t + ip − d)

(7)

for i=0,1,2,..., k-1. Where d is the delta distance between
acoustic vectors, p is the distance between blocks, N is a
dimension of the acoustic vector, and k is the no of blocks
compute SDC feature. SDC features are obtained by concatenating acoustic vector to the shifted delta-cepstra over multiple
blocks.
SDC(t) = [ x(t) δd (t, i) δd (t, 1)..... δd (t, k − 1) ]

(8)

Here commonly used configuration 7-1-3-7 [N-d-p-k] is employed to extract shifted delta cepstra.
C. Multi-head self-attention network with SDC features
The frame-level feature extractor comprises of an input
layer with two hidden layers, and each hidden layer comprises of 1024 units followed by Relu activations. Attention
and utterance level feature extractors are single feed-forward
layers. Adam is used as optimizer with a learning rate of
0.0001. Learning rate is halved upon observing an increase
in validation cost. The training is halted upon encountering an
increase in validation accuracy over three successive epochs.
The entire network is trained with a cross-entropy objective
function.
To better model the temporal context, successive SDC
features are stacked with a temporal context. The temporal
context in the features can be increased by stacking successive
SDC features with left and right context. But by appending
the successive feature vectors increases the redundancy in the
feature representation which may over-fit the network quite
easily. In [19] adapt different optimizers have helped the
networks to converge to a better solution. LID systems using
stacked SDC features have performed better compared to SDC
features in [19].
The performance of base line system shown in Table. I.
It presents EER for different baseline LID systems provided
by AP17-OLR challenge [27]. Row 1, Row 2, and Row 3
contains EER(%) for i-vector, TDNN-LID and LSTM-LID
respectively.
TABLE I: Performances of baseline LID systems. The results
are taken from [27] for comparison.
System

Full-length

i-vector

6.22

TDNN-LID

14.65

LSTM-LID

16.03

The work is revisited in the context of self-attention networks, and the results are tabulated in Table. II. Column 1
specifies the temporal context used for stacking SDC features.
Column 2 is the dimension of stacked SDC features. Column
3, 4, 5 is the performances of self-attention networks by
increasing the depth of the network.
TABLE II: LID systems developed using stacked SDC features.
Temporal
context

Feature
dimension

1

56

2H
9.16

3H
9.65

4H
11.48

number of heads used and column 2,3 is the EER of the
corresponding LID system.
TABLE IV: Performance of LID systems trained using multihead self-attentive networks and multi-head self-attentive networks with residual connections
No of heads

Multi-head
attention

Multi-head
attention
with residual connections

1-head

7.80

6.21

5H

2-heads

7.17

5.79

10.45

3-heads

6.44

5.65

4-heads

7.98

6.38

1-1-1

168

8.54

9.26

10.21

10.66

2-1-2

280

8.41

8.58

9.17

10.07

From Table. II, it can be observed stacking the successive
SDC features has improved the performance of LID systems.
Stacking the features with a temporal context of ± 2 has
produced the optimal performance and further increasing the
temporal context has not improved the performance. Further,
in this work, stacked SDC features with ± 2 context (280Dimensions) have been used for developing LID systems.
Self-attention networks compute the utterance level representation by considering the mean of weighted hidden
representations. Along with the mean in this work standard
deviation of weighted representations is also used. The results
obtained are listed in Table. III. Column 1 of Table. III is the
number of hidden layers and column 2, 3 is the performance
of LID systems trained by considering mean and standard
deviation to obtain utterance level representations respectively.
Column 4 is the performance of LID systems obtained by
considering both mean and the standard deviation to represent
the utterance level feature. Rows 2,3,4 are the performance of
the LID systems obtained by varying the depth of the network.
TABLE III: LID systems trained using self-attention networks
by varying the depth of the network. The networks have
used mean and standard deviation of hidden representations
to obtain utterance vector.
Hidden Layers

Mean

Standard
deviation

Mean and
Standard deviation

2H

8.41

7.55

7.80

3H

8.58

9.02

8.62

4H

9.17

9.37

8.38

From Table. III, it can be observed that the depth of 2
hidden layers (2H) is optimal for the present dataset. Adding
the standard deviation imporoved the discriminative capability
among the languages. During the studies, we have observed
that using both mean and standard deviation to represent the
utterance level vector has consistently improved the performance of LID systems. This approach has reduced the EER
from 8.41 to 7.80. This work explores the use of multi-head
attention mechanism in a self-attention network and the results
are presented in Table. IV. Column 1 of Table. IV is the

From Table. IV, it can be observed using multi-head attention has improved the performance of LID systems. To
encourage various attention heads to capture different aspects,
a penalty term specified in equation 6 is added to the loss
function while optimizing the network. The use of this constraint has improved the consistency in the networks. In this
study, using 3-head attention has reduced the EER from 7.80 to
6.44. Further, adding residual connections in multi-head selfattention network reduced the EER from 6.44 to 5.65. Use
of residual connections for multi-head self-attention network
has helped the models to converge better, it can be noted that
the performance of resnet is superior to DNN multi-head selfattention networks , and the margin of improvement is higher
for state-of-the-art system i-vector as shown in Table. I.
IV. C ONCLUSION AND F UTURE SCOPE
This work explores the use of self-attention networks for
developing LID systems. Self-attending networks convert the
variable length sequence to fixed dimensional utterance vector.
The mean of attentively scaled hidden representations is used
as utterance vector. This work has studied the use of standard
deviation along with the mean to represent the utterance vector.
This works studied the efficiency of multi-head attention
mechanism in self-attention networks. Stacking the successive
SDC features with a temporal context of ± 2 have reduced
the EER from 9.16 to 8.41. Using standard deviation along
the mean to represent the utterance vector has reduced the
EER from 8.41 to 7.80. Mutli-head attention mechanism in
self attention networks have reduced the EER from 7.80 to
6.44. Furhter, residual connections reduced the EER from 6.44
to 5.65.
The consistency of self-attention networks are to be studied
for shorter utterances. The performance of these networks are
to be studied in the presence of the noise and the mismatched
conditions. Exploring the use of utterance vectors in a selfattention networks are used as embeddings for developing LID
systems.
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