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Abstract

The i-vector representation and modeling technique has been successfully applied
in spoken language identification (SLI). The advantage of using the i-vector rep-
resentation is that any speech utterance with a variable duration length can be
represented as a fixed length vector. In modeling, a discriminative transform or
classifier must be applied to emphasize the variations correlated to language identi-
ty since the i-vector representation encodes several types of the acoustic variations
(e.g., speaker variation, transmission channel variation, etc.). Owing to the strong
nonlinear discriminative power, the neural network model has been directly used to
learn the mapping function between the i-vector representation and the language
identity labels. In most studies, only the point-wise feature-label information is fed
to the model for parameter learning that may result in model overfitting, particular-
ly when with limited training data. In this study, we propose to integrate pair-wise
distance metric learning as the regularization of model parameter optimization. In
the representation space of nonlinear transforms in the hidden layers, a distance
metric learning is explicitly designed to minimize the pair-wise intra-class variation
and maximize the inter-class variation. Using the pair-wise distance metric learn-
ing, the i-vectors are transformed to a new feature space, wherein they are much
more discriminative for samples belonging to different languages while being much
more similar for samples belonging to the same language. We tested the algorithm
on an SLI task, and obtained promising results, which outperformed conventional
regularization methods.
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1 Introduction

Spoken language identification (SLI) is a technique to identify the language
from spoken utterances. It is one of the most important processing steps in sev-
eral speech applications, e.g., multi-lingual speech recognition, dialog, audio
information retrieval, etc. (Ma et al, 2007a,b; Li et al, 2007, 2013). Convention-
al algorithms for the SLI include two steps-feature extraction and classification
modeling. The i-vector representation and modeling technique is one of the
state-of-the-art frameworks for SLI. It has been successfully applied in spo-
ken language recognition (Dehak et al, 2011a; Li et al, 2007). The i-vector
representation can be regarded as a middle-level representation between the
Gaussian mixture model (GMM)-based super-vector and the short-time Mel-
frequency cepstral coefficient (MFCC) frame-based feature representations.
One of the advantages of using the i-vector representation is that acoustic
variations of speech utterances with different time durations can be repre-
sented as fixed-length feature vectors. It is convenient to be applied to various
standard pattern classification techniques, e.g., Gaussian mixture model (GM-
M), support vector machine (SVM), probabilistic linear discriminant analysis
(PLDA), etc. (Dehak et al, 2011b; Prince et al, 2007).

The i-vector is a compact low-dimensional representation of acoustic variation-
s. It is obtained through a total variability factor analysis of the supervector
representations of GMM. In the representation, several types of acoustic vari-
ations or factors are encoded in the feature vectors (e.g., speaker, language
and transmission channel variations), hence a discriminative transform must
be applied to remove uncorrelated variations while emphasizing discriminative
variations of different tasks (Sugiyama, 2006; Dehak et al, 2011b; Sadjadi et
al, 2015; Shen et al, 2016). During an SLI task, a transform must be applied to
emphasize the feature variations correlated to language identity. Convention-
ally, a linear discriminant analysis (LDA)-based transform is applied on the
i-vectors to obtain the discriminative features for SLI. Improvements on the L-
DA, such as the nearest neighbor discriminant analysis (NNDA) and the local
fisher discriminative analysis (LFDA), were also proposed for SLI tasks (Sad-
jadi et al, 2015; Sugiyama, 2006; Shen et al, 2016). Since acoustic variations
in the i-vectors are entangled with complex nonlinearity and non-gaussian, it
is difficult to use a linear transform to disentangle the variations. A nonlinear
transform is preferred in order to extract better discriminative features for
SLI. Although nonlinear feature extraction and classification can be obtained
by setting the nonlinear kernel functions of SVM or distance metric, it is diffi-
cult to tune the parameters in a unified optimization framework with feature
and classifier learning simultaneously. An artificial neural network model is a
natural choice that unifies feature extraction and classification with nonlinear
transforms. In addition, the model parameters can be learned efficiently using
an error back propagation algorithm.
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Neural network models (including their deep form, i.e., deep neural network
(DNN) algorithms) have been shown to have dominant power for feature learn-
ing and classification in image processing and speech recognition (Hinton et al,
2012a; Yu et al, 2015; LeCun et al, 2015). Following the step of neural network
acoustic modeling technique, they have also been used in speaker recognition
and spoken language recognition (Montavon, 2009; Lopez-Moreno et al, 2014,
2016; Richardson et al, 2015a,b; Ranjan et al, 2016). Neural network modeling
can automatically explore the nonlinear feature variations correlated to the
classification task, and jointly learn the nonlinear transform and classification.
In most studies that use neural network models for SLI, two modeling methods
have been adopted (Richardson et al, 2015b). The first method, i.e., “indirect
method”, uses a neural network model as a front-end processing for feature
extraction (e.g., bottleneck feature and i-vector extraction), and subsequently,
models the extracted feature with another classifier. The second method, i.e.,
“direct method”, uses a neural network model to directly learn the mapping
function between the i-vector representation (or other acoustic feature repre-
sentations) and their language identities (IDs). In this study, we focus on the
“direct method” of using a neural network model for SLI, with the i-vector
representation as the input to the neural network. The discriminative feature
extraction from the i-vectors and the classification modeling are optimized in
a unified framework.

In conventional neural network model learning algorithms for SLI, the model is
trained to approximate a point-mapping function from the samples by feeding
the feature label information to the model (hereafter named as point-wise
training). It is based on the principle of minimizing an objective function
measuring the difference between predicted language labels and true target
labels (e.g., cross-entropy) (Montavon, 2009). In most model training, a large
quantity of training samples is required. For example, in automatic speech
recognition (ASR), a large quantity of training samples is provided for each
class. Similarly, in neural network modeling for SLI, a large quantity of training
data is required for each language (Lopez-Moreno et al, 2014, 2016; Richardson
et al, 2015a). If training data is limited, e.g., the number of utterances for
each language is hundreds, the neural network model is easily over-fitted to
the training data set. The over-fitted model will lose its strong capacity in the
classification task, which results in a bad performance with a test data set
(i.e., it exhibits a weak generalization ability). This study attempts to deal
with the problem of generalization that arises while using the neural network
model in SLI with limited training data samples.

In order to improve the generalization ability of the model, many techniques
have been proposed. Considering the lack of training data, an efficient way to
augment the data (LeCun et al, 1998) is to artificially increases the training
data samples by adding noise or distortions to the training data. Another effi-
cient way is to impose constraints on the model parameter space, for example,
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Fig. 1. Distance metric learning with local push and pull transforms to reduce
intra-class variation and increase inter-class variation.

regularization of neural weights with smoothness (L2) and sparseness (L1) is
widely used in neural network model learning to deal with the problem of
overfitting (Bishop, 2006). The technique of “dropout” which randomly sets a
portion of neural responses to zeros, has shown an impressive performance in
recent times (Hinton et al, 2012b); further, it has also been used in neural net-
work model training with limited training data for SLI (Ranjan et al, 2016). In
this study, instead of using point-wise training in the parameter optimization
of the neural network model, we investigate the possibility of exploring da-
ta geometric structure as a constraint (or regularization) in model parameter
learning, and attempt to improve the generalization ability of the model.

Point-wise information (or structure) is widely used in supervised model train-
ing, however, other information in a training data set may also be used to
provide auxiliary constraints for robust model training, e.g., training data ge-
ometric structure, pattern-clustering property, etc. In this study, besides using
the feature label information of samples independently for supervised training
of the neural network model, the similarity or distance measure of pair-wise
samples is also taken into consideration. Learning that takes into account pair-
wise distance measurements belongs to a large category of machine learning,
i.e., the metric learning (Xing et al, 2002; Weinberger et al, 2006, 2009). In
linear metric learning (Xing et al, 2002), for instance, learning a Mahalanobis
distance metric in the input feature space is done in order to measure the sim-
ilarity of a pair of input samples. The basic idea of metric learning is to learn
a distance measurement by determining which samples belonging to the same
category should be distributed in a neighboring space, but should be far away
otherwise. This property is preferred for application in pattern discrimination.
In the framework of the neural network model, nonlinear distance metric learn-
ing has been proposed for face recognition and re-identification (Guillaumin
et al, 2009; Hu et al, 2015). In most metric learning studies, the discrimina-
tive transform is optimized explicitly, based on an objective function, which
is supposed to reduce the intra-class variation, while increasing the inter-class
variation. Fig. 1 gives an illustration of this process. As shown in this figure,
a distance metric transform f(x) should be learned to “pull” samples belong-
ing to the same class to the neighboring space, while being learned to “push”
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samples belonging to a different class to a longer distance. The metric learning
is widely applied for information retrieval and pattern classification. However,
most of the metric learning algorithms are used to learn discriminative fea-
tures for a linear classifier, e.g., support vector machine, and nearest neighbor
classifier. In this study, we integrate this metric learning with a conventional
framework of neural network model, and jointly learn the nonlinear transform
and classifier in order to improve the generalization ability of the model for
SLI.

The main contribution of this paper is to integrate the pair-wise distance met-
ric learning with the point-wise classifier learning in order to achieve a unified
neural network model for spoken language classification. Based on this model,
the conventional mapping function for classification is explicitly formulated as
a combination of a feature extraction function and a classification function reg-
ularized with different objectives. By considering the pair-wise distance metric
learning as an objective, the feature extraction function explicitly extracts a
nonlinear discriminative feature, which is optimal for classification learning.
Our spoken language identification experiments exhibited a promising perfor-
mance.

The reminder of the paper is organized as follows. Section 2 introduces the
framework of the neural network model that explicitly integrates pair-wise dis-
tance metric learning in the model parameter optimization. Section 3 describes
the SLI experiments that were carried out. Finally, discussions are presented
in Section 4, and the final conclusion is presented in Section 5.

2 Neural network model with pair-wise distance metric learning

In the “direct” neural network model of classification, a softmax layer is often
stacked as a classifier layer on the hidden layers in order to achieve normal-
ized probability. The model has two functions: one function provides the dis-
criminative features via the nonlinear transforms of hidden layers; the other
function acts as a classifier via the softmax layer. The feature learning and
classification are coupled into a unified model, which learns an efficient feature
representation and is suitable for classification. In most studies, each sample
(in a mini-batch) is used independently to train model parameters with a uni-
fied objective function in order to achieve pattern discrimination. There is no
structure constraint on the transform of the two samples in the hidden layers.
In order to include a structure constraint in the framework of neural network
model, we integrate pair-wise distance metric learning in the framework along
with the explicit regularization of the feature transform function.

Fig. 2 shows the two explicitly coupled function modules of the framework of
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Fig. 2. Neural network model learning with pair-wise distance metric constraint
(a) pair-wise distance metric learning for feature extraction in hidden layers, (b)
point-wise classifier learning by softmax layer.

neural network model-the feature transform (with pair-wise distance metric
constraint dg (·, ·)) and the classification learning. In Fig. 2 (b), as convention-
ally used in neural network model learning, the feature-label map is directly
learned by minimizing an objective function based on cross-entropy. In pa-
rameter optimization, there is no explicit constraint on the learning of the
hidden layer features. In pair-wise distance metric learning (as in Fig.2 (a)),
the transform functions (as g (·)) via the hidden layers are constrained using
a pair-wise loss function. As shown in the figure, two representations from the
last hidden layers are obtained using a pair of input vectors. The two input
vectors share the same model parameters, which are similar to those used in
the Siamese network (Chopra et al, 2005). In the following part of the study,
the point-wise feature-label learning and the pair-wise distance metric learning
are introduced, respectively.

2.1 Point-wise learning for neural network model

Conventionally, the purpose of training the neural network model is to learn
the input-target mapping function. The difference between the two coupled
functions of feature and classifier processes is not considered. The training is
performed point-wise as one input corresponds to one target output. For a
neural network model with K − 1 hidden layers, the output of a hidden layer
is represented as

hk = fk
(
Wkhk−1 + bk

)
, (1)

where k = 1, ..., K − 1, and h0 = x is the input layer with feature vector
x. Further, Wk and bk are the neural weight matrix and bias of the k-th
hidden layer, respectively. Furthermore, fk (.) is a nonlinear active function

6



(an element-wise transform), e.g., sigmoid function, tanh function, Rectified
Linear Units (ReLU) (Nair et al, 2010), etc. In this study, a tanh function was
used as

fk (z) = tanh (z) =
exp (z)− exp (−z)

exp (z) + exp (−z)
. (2)

Given an input feature vector x, a predicted label is obtained from the final
output layer which is a softmax layer with the transform as

ŷj = p (yj = 1|x,W,b)

=
exp(WK

j hK−1
j +bK

j )
#Class∑

i=1

exp(WK
i hK−1

i +bK
i )

, (3)

where yj is the output of the j-th neuron in the softmax layer and “#Class” is
the total number of classes. For learning the model parameters, an objective
function defined as the cross-entropy (CE) between the predicted and true
target labels is used as

l (Θ)
∆
=

#Sample∑
m=1

CE (ym, ŷm) = −
#Samples∑

m=1

#Class∑
n=1

ym,n log ŷm,n, (4)

where ŷm,n and ym,n are the probabilities of the predicted and true targets,
which are represented as the scalar elements of the vectors of ŷm and ym, re-
spectively. Furthermore, m and n are the indexes of sample and class number,
respectively, and “#Samples” is the total number of training samples.

The method of learning the model parameters is based on the minimization
of this cross-entropy based objective function (equation (3)) with parameter
regularization performed on a training data set as follows:

Θ∗ = argmin
Θ

C (Θ)

C (Θ) = l (Θ) + λR (Θ) ,
(5)

where Θ =
{
Wk,bk, k = 1, 2, ..., K

}
is the model parameter set with neu-

ral weight matrix Wk and bias bk. Further, λ is a regularization coefficient
to control the tradeoff between the cross-entropy based loss and parameter
regularization R (Θ). In most studies, parameter regularization is defined as
smoothness or sparseness of the model parameter space (e.g., either L2 or L1

regularization) which has been shown to improve the generalization ability of
the model.
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The stochastic gradient descent (SGD) algorithm is used in learning (Bottou,
2012). From the transforms and objective function (equations (1)-(5)), it is
evident that the learning tries to find a local optimal solution to approximate
the feature-label mapping of the training data set. In order to find a better
solution, there must be constraints on the learned transform functions. In this
study, a pair-wise distance metric learning is explicitly designed on the repre-
sentation space explored in the hidden layers. This is equivalent to imposing
constraints on the feature transform function.

2.2 Nonlinear pair-wise distance metric learning

The pair-wise distance metric learning is intended to determine a transform
function via the reduction of intra-class variation and increase of inter-class
variation (Xing et al, 2002), i.e., the two samples should be close if they belong
to the same class, but far otherwise. In our model framework, we explicitly
add this property to control the nonlinear transform function realized by the
hidden layers.

Considering a pair of samples xi and xj in a transform space using the cor-
responding hidden layer outputs f (xi) and f (xj), the distance between them
can be defined as a Euclidean distance or cosine distance. As widely used in
most studies for i-vector based spoken language recognition, the cosine dis-
tance metric is also used in this paper defined as

df (xi,xj) =
f (xi)

T f (xj)

∥f (xi)∥12 ∗ ∥f (xj)∥12
. (6)

This metric measures the angle between two vectors, which is a similarity
measure widely used in vector space modeling (VSM) (Sidorov et al, 2014). It
has a maximum value of 1 (angle 0) and a minimum value of −1 (angle π).
Therefore, the values of pair-wise distance are distributed between [−1, 1].

For the sake of convenience, given a training data set with a feature vector xi

and a label vector yi (a one-hot encoding vector), and i = 1, 2, ..., we define
two data sets of pair-wise samples, S and D, as follows:

S = {(xi,xj) |∀yi = yj}

D = {(xi,xj) |∀yi ̸= yj} ,
(7)

i.e., data sets S and D consist of pair-wise data samples belonging to the same
and different classes, respectively.
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Based on the basic principle of metric learning, two loss functions are defined
on the pair-wise data sets in a transform space f(.) as follows:

JIntra (Θ)
∆
= 1

#S

∑
(xi,xj)∈S

(df (xi,xj)− 1)2

JInter (Θ)
∆
= 1

#D

∑
(xi,xj)∈D

(df (xi,xj) + 1)2,
(8)

where “#S” and “#D” represent the number of sample pairs in sets S and D,
respectively. In equation (8), minimizing the value of JIntra (Θ) could decrease
the pair-wise intra-class variation, and minimizing the value of JInter (Θ) could
increase the pair-wise inter-class variation.

Considering the tradeoff between the robustness and discrimination, we for-
mulate the objective function for pair-wise metric learning as follows:

J (Θ) = JIntra (Θ) + αJInter (Θ) , (9)

where α controls the tradeoff between the two above mentioned losses. For
equal weighting of each pair-wise loss, the metric learning is based on mini-
mizing the following objective function:

J (Θ) =
1

# {S ∪D}
∑

(xi,xj)∈{S∪D}
(df (xi,xj)− ti,j)

2, (10)

where “# {S ∪D}” is number of sample pairs in sets S and D together, and
the pair-wise label ti,j is defined as:

ti,j =

 1,∀ (xi,xj) ∈ S

−1,∀ (xi,xj) ∈ D
(11)

2.3 Regularization with pair-wise distance metric learning

There are two strategies for integrating the pair-wise distance metric learning
into the neural network model during parameter learning. One method is to
use it as a regularization term in the cross-entropy based objective function (s-
trategy I); whereas, the other method is to use it as a pre-training criterion for
the initialization of model parameters, and subsequently fine-tune the model
with an error back propagation (BP) algorithm based on the cross-entropy
based objective function (strategy II). The two strategies are introduced in
detail as follows.
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2.3.1 Combination of point-wise and pair-wise objective functions (strategy
I)

In this strategy, the pair-wise distance metric loss and the point-wise cross-
entropy loss are combined into a single objective function. For the sake of
convenience, we assume the parameter set related to the feature extraction
(via the hidden layers) and the classifier (via softmax layer) as Θ = {ΘF ,ΘC}.
Further, ΘF represents the entire model parameter set (neural connection
weights and bias) except the softmax layer, and ΘC is the model parameter
set that represents only the softmax layer. The parameters are obtained as

{Θ∗
F ,Θ

∗
C} = arg min

{ΘF ,ΘC}
M (ΘF ,ΘC)

with M (ΘF ,ΘC) = l (ΘF ,ΘC) + γJ (ΘF ) + λR (ΘF ,ΘC) .
(12)

In this objective function, the first term l (ΘF ,ΘC) is the point-wise cross-
entropy between the predicted and true labels (as defined in equation (4))
and the second term J (ΘF ) is the objective function for the distance metric
learning (as defined in equation (10)). Further, γ controls the tradeoff between
the two losses. Furthermore, λ and R (ΘF ,ΘC) have been defined in equation
(5).

The feed forward transform is expressed as a composition function gC ◦ gF :
x → c, where gF : x → z, and gC : z → c are the feature transform and
classifier transform, respectively, and ◦ is a composition operator. Based on
the chain rule, their gradients are calculated as follows:

∇ΘF = ∂M
∂ΘF

= ∂l
∂gC

∂gC

∂gF

∂gF

∂ΘF
+ γ ∂J

∂gF

∂gF

∂ΘF
+ λ ∂R

∂ΘF

∇ΘC = ∂M
∂ΘC

= ∂l
∂gC

∂gC

∂ΘC
+ λ ∂R

∂ΘC
.

(13)

From these equations, it is evident that the feature transform and classifier
transform for obtaining cross-entropy loss are involved in the calculation of
gradient, during the learning of the feature metric parameter ΘF . In addition,
the gradient is explicitly regularized with the pair-wise loss function J (ΘF ),
which is a function of feature transform. However, during the learning of the
classifier layer parameter ΘC , the gradient is calculated using the derivative
of the cross-entropy with respect to the classifier transform only.

Combining the point-wise and pair-wise training, the calculation was synchro-
nized in each mini-batch, where the objective function (cross-entropy) was
accumulated from the samples. In pair-wise learning, the corresponding pair-
wise samples were collected from each mini-batch, and the objective function
(i.e., the pair-wise distance metric loss) was estimated for each mini-batch.
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2.3.2 Pair-wise distance metric learning as pretraining for model parameter
initialization (strategy II)

In order to deal with the overfitting problem, it is recommended to store e-
nough feature information during the early stages of neural network model
learning for the sake of robustness. Based on this consideration, the pair-wise
distance metric learning is used as a pre-training for the initialization of mod-
el parameters. In contrast to multi-category classification tasks, the distance
metric learning is a much simpler task (which includes a binary classifica-
tion task as an inter-class or intra-class decision). During the pre-training, the
pair-wise distance metric learning is performed layer-by-layer. In our imple-
mentation, the inter-class and intra-class labels were extracted based on class
clustering information (as shown in equation (11). The optimization criterion
is based on equation (10), which measures the mean square error of the co-
sine distance (or similarity) metric. As a result of this pre-training, a softmax
layer is stacked onto the pre-trained hidden layers for fine-tuning. Since the
initialized model parameters are well constrained, it is possible to find a good
solution for the model parameters with fine-tuning.

3 Experiments

In this section, we test the proposed algorithm using an SLI task. A data
set from NIST i-vector challenge 2015 for SLI is used in this paper (NIST
SLI data, 2015). Fifty languages are included in the training data set, and
each language has 300 samples (and an i-vector with 400 dimensions for each
utterance). In our study, 250 i-vectors from the training set for each language
were randomly chosen for training, and the remaining 50 i-vectors were used
for validation. In the originally released test set, there are 6500 test samples
(as i-vectors). Among them, 1500 samples are out-of-set class (OOS) samples,
i.e., the language types are not included in the 50 languages used in training
(Tong et al, 2016). Special algorithms were developed to deal with the OOS
problem (Lee et al, 2016; Sun et al, 2016), including a novel OOS detection
scheme developed by (Sun et al, 2016). However, in this work, we did not focus
on the solution to the OOS problem. Therefore, in the released test set, only
the in-set class i-vectors were chosen. Finally, 5000 test i-vectors were used
including 100 samples for each language.

In the original evaluation criterion, the cost function is defined as

cost =
(1− pOOS)

K
×

K∑
k=1

perror (k) + pOOS × perror (OOS) , (14)
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where perror (k) and perror (OOS) are the error rates of test set (in-set classes)
and OOS set, respectively. In the original test set that includes the OOS,
K = 50 and pOOS = 0.23. In this paper, pOOS = 0 since the OOS problem was
not dealt with in our study.

3.1 Conventional models

In order to choose a baseline for comparison, we first conducted experiments
using several conventional algorithms. The performances are shown in table 1.
In this table, “COSINE” and “LDA+COSINE” represent the methods the use
a COSINE similarity measure as a classifier and a raw i-vector of 400 dimen-
sions, and its dimension-reduced feature of 49 dimensions via linear discrim-
inative analysis (LDA) as inputs, respectively. Further, “LINSVM” and “L-
DA+LINSVM” represent the methods that use linear kernel SVM (LINSVM)
as a classifier and raw a i-vector of 400 dimensions, and its LDA dimension-
reduced feature as inputs, respectively. From this table, it is evident that the
LINSVM with LDA shows the best performances for feature extraction.

Table 1
Performance of conventional algorithms (identification error rate in %)

Model Train Validation Test

COSINE 10.93 17.24 17.86

LDA+COSINE 10.90 17.44 18.20

LINSVM 5.66 16.44 16.68

LDA+LINSVM 8.61 16.04 16.44

We further examined a nonlinear kernel function based SVM, and showed
the results in table 2 as “LDA+RBFSVM”. This method represents the radial
basis function (RBF) kernel SVM based classifier with LDA for feature extrac-
tion. Comparing the results of “LDA+LINSVM” in table 1, we can see that
nonlinear kernel SVM shows little improvement on the test set (although there
was a large improvement on training set). The parameters used in RBFSVM
are difficult to tune as compared to the LINSVM. In our implementation, the
SVM toolbox (SVM Tool, 2015) was used. The optimal model parameters
were obtained based on a grid search with cross-validation. In the following
experiments, LDA+LINSVM is selected as the baseline for comparison.
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Table 2
Performance of SVM classifier with nonlinear function kernel (identification error
rate in %)

Model Train Validation Test

LDA+RBFSVM 2.91 15.78 16.40

3.2 Neural network models for SLI

In building the neural network models for SLI, two types of architectures
were used as follows: 400-M*512-50, where 400 is the number of dimensions
of the input i-vector, M represents the hidden layers with 512 neurons for
each layer, and there are 50 neurons in the output layer corresponding to 50
language IDs. For M=1,2, we obtained two models named M1 and M2 for
short, henceforth. The network was first pre-trained layer-wise as a restricted
Boltzmann machine (RBM) with a contrastive divergence algorithm (Hinton,
2010). While fine-tuning using the stochastic gradient descendent algorithm,
the mini-batch size was 128, and the learning rate was 0.001.

In order to improve the generalization ability of the model, two regulariza-
tion methods were implemented for comparison-one method is the parameter
L2 regularization (Bishop, 2006), and the other is the dropout (DP) regular-
ization. These two methods are widely used in the field of deep learning in
order to improve the generalization ability; In particularly, the DP regulariza-
tion shows an impressive performance in dealing with the overfitting problem
(Hinton et al, 2012b). The regularization parameters were fine-tuned to ob-
tain the best performance with a validation data set. In the L2 regularization
used in equation (5), λ was set to 0.001. In the dropout regularization, the
dropout probabilities for the input and hidden layer output were set to 0.3
and 0.5, respectively. The model used for the test set was obtained until the
best performance w.r.t. a validation data set was obtained in a total of 500
epoches. The results are shown in Table 3.

Table 3
Performance of point-wise training for neural network model systems (identification
error rate in %)

Model Train Validation Test

M1 L2 2.61 17.04 17.62

M2 L2 1.31 17.92 18.48

M1 DP 6.40 15.41 16.36

M2 DP 3.31 15.25 15.78

In this table, “M1 L2” and “M2 L2” represent the two models M1 and M2
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with L2 regularization, respectively. “M1 DP” and “M2 DP” are the two mod-
els M1 and M2 with dropout regularization, respectively. From this table, it
is evident that the performance of linear model in this task (performance of
“LDA+LINSVM” as showed in table 1.) is much better than that of the plain
neural network models regularized with the L2 technique. The dropout reg-
ularization showed a large improvement as compared to the L2 regularized
models. For the neural network model, after adding more hidden layers, there
is no significant increase in the performance w.r.t. the test data set although
the training error continuously decreased. Further, we test the effect of adding
pair-wise metric learning to the two models for parameter learning.

3.3 Combination with pair-wise distance metric learning in model training

We implemented the pair-wise metric learning for the optimization of model
parameters, and tested the performance of the two combination strategies
introduced in sections 2.3.1 and 2.3.2. All our implementations are in theano
(theano, ver0.8.2) and lasagne (lasagne, ver0.2).

3.3.1 As a regularization in cross-entropy based objective function

We first implemented strategy I as introduced in section 2.3.1. In this strat-
egy, the pair-wise distance metric based loss is included as a regularization
term in optimizing the cross-entropy based objective function. During the im-
plementation, equations (10) and (11) were used. As shown in equation (12),
the tradeoff between losses of feature metric learning and classifier learning is
controlled by changing the regularization parameter γ. We first determine the
performance when the regularization parameter is varied for metric learning,
and the results are shown in Table 4 (for model M2). From the results, it

Table 4
Performance of neural network model system with pair-wise distance metric learning
with varying regularization coefficients (identification error rate in %)

Coef γ Train Validation Test

0.001 1.76 17.29 17.56

0.005 2.68 15.50 16.58

0.01 2.37 13.68 15.43

0.03 4.05 14.82 16.12

0.05 4.59 14.87 16.70

is evident that by varying the regularization of the feature metric loss, the
identification error for the training data set increased, but the performance
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w.r.t. the validation and test data sets were improved significantly. When γ
is approximately 0.01, we obtained the best performance for the test data
set. These results suggest that using the pair-wise distance metric learning in
model regularization improved the generalization ability of the learned model.

By adjusting the regularization parameter γ for the two models M1 and M2
(to approximately 0.01), we obtained the best performance of each model,
and showed the results in Table 5. In this table, “M1 DM” and “M2 DM”

Table 5
Performance of neural network systems with pair-wise distance metric learning (i-
dentification error rate in %)

Model Train Validation Test

M1 DM 3.20 14.40 15.94

M2 DM 2.37 13.68 15.43

represent models M1 and M2 with the pair-wise distance metric learning as a
regularization. Comparing the results in tables 5 and 3, we find that all the
models benefit from the pair-wise distance metric learning showing significant
improvements in performance.

3.3.2 As a pre-training for initialization of neural network model parameters

Instead of using the pair-wise distance metric based loss as a regularization
term in the optimization of the objective function, we use it as pre-training
for the initialization of model parameters. The basic assumption behind this
decision is that the model parameters for feature extraction can be initialized
in a “good” position. This “good” position is guaranteed by adding constraints
on the hidden layer transform space using the pair-wise distance metric based
loss function. The features extracted by hidden layers are much more suit-
able for classification, after fine-tuning them with cross-entropy based clas-
sifier learning. In order to investigate the contribution of the metric learn-
ing as pre-training in feature extraction, we compare three model initializa-
tion algorithms: using pair-wise distance metric learning for model initializa-
tion (DM4Init) (based on minimizing the objective function defined in equa-
tion (10)); using RBM pretraining for model parameter initialization (RB-
M4Init); and using Glorot method for initializing the model parameters (Glo-
rot4Init) (Glorot et al, 2010). After model initialization, a softmax layer was
stacked and exclusively fine-tuned. In fine tuning the softmax layer, the cross-
entropy based objective function was used (based on equation (5)). The results
for model M2 are shown in Table 6. In this table, “M2 DM4Init softmax”,
“M2 RBM4Init softmax” and “M2 Glorot4Init softmax” represent M2 mod-
el with DM4Init, RBM4Init, and Glorot4Init for initialization, respectively,
and only the softmax layer is fine-tuned. From this table, it is evident that
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Table 6
Performance of only tuning the softmax layer with different model initialization
algorithms (identification error rate in %)

Model Train Validation Test

M2 DM4Init softmax 6.93 15.42 16.00

M2 RBM4Init softmax 12.70 22.00 22.28

M2 Glorot4Init softmax 19.67 31.23 27.48

pre-training (either DM4Init or RBM4Init) is more important than random
feature projection. The distance metric learning efficiently extracts discrimina-
tive features, which help to improve the performance significantly as compared
to the RBM method for model parameter initialization.

3.4 Combination of pair-wise distance metric learning with dropout

Dropout regularization is a universal method, which can be easily applied
to model parameter learning with any types of regularized objective func-
tions. To investigate whether our proposed pair-wise distance metric based
regularization has a complementary effect in improving the generalization a-
bility when combined with the dropout regularization, we implemented the
dropout regularization using the SGD-based optimization on our proposed
regularized objective function (equation (12)) (wherein the regularization pa-
rameter γ = 0.01 was used). The results are shown in Table 7. In this table,

Table 7
Performance of neural network model systems with combination of pair-wise metric
learning and dropout regularization (identification error rate in %)

Model Train Validation Test

M1 DM DP 4.30 15.47 15.54

M2 DM DP 3.39 14.45 15.14

“M1 DM DP” and “M2 DM DP” represent the combination of dropout regu-
larization with pair-wise distance metric learning as regularization in models
M1 and M2, respectively. Comparing with the results in Tables 3, 5 and 7, it is
evident that applying both of these methods resulted in a better performance.

16



4 Discussion

In order to extract discriminative features from the i-vectors for SLI, a dis-
criminative transform is required to explore variations in the i-vectors corre-
lated to language IDs. Further, LDA is one of the most efficient methods. It
can be regarded as a distance metric learning, which explores the linear and
Gaussian variations of acoustic signals correlated to language IDs. The dis-
tance metric learning based on the neural network model can explore acoustic
variations entangled with complex non-Gaussian and nonlinearity. In most s-
tudies, usually the metric learning is directly used to improve the k-nearest
neighbor (KNN)-based classification. We performed additional experiments
to determine the performance of metric learning with a KNN-based classifica-
tion on the test set. The results are shown in table 8. In this table, “i-vector”
represents the raw i-vector feature (400 dimensions), “i-vector+LDA” is the
representation of i-vector with the LDA transform (49 dimensions), and “i-
vector+DeepMetric” is feature extraction based on DNN (containing 2 hidden
layers with 512 neurons for each) only with pair-wise distance metric learn-
ing (and no fine-tuning of the softmax layer). “KNN (5)”, “KNN(10)”, “KN-
N(50)”, and “KNN(100)” represent the KNN with 5, 10, 50, and 100 nearest
neighbor samples in decision-making, respectively. From the table, it is evi-
dent that LDA significantly improves the discrimination of class clustering.
The deep metric learning obtains a large gain over the LDA.

Table 8
Performance of metric learning in KNN-based classification (identification error rate
in %)

Model KNN (5) KNN(10) KNN(50) KNN(100)

i-vector 63.48 60.88 59.64 61.12

i-vector+LDA 23.94 22.52 20.66 20.48

i-vector+DeepMetric 16.92 16.90 16.94 17.34

In the i-vector extraction, it is supposed that the utterance duration should
be long enough. For short utterances, the variations in the i-vectors may be
due to unbalanced phone realizations and not accurate statistics estimation.
Large variations will degrade the performance of SLI. We further checked
the performance w.r.t. the samples grouped according to utterance durations.
The results of the validation and test sets are shown in table 9. In this table,
we compared two methods; “LDA+LINSVM” and “M2 DM” (distance met-
ric regularization on two hidden layers and one softmax layer of the neural
network). Four groups of utterances with time durations of (0s, 3s], (3s, 10s],
(10s, 30s], and (30s, inf) are considered. From this table, it is evident that the
main improvements occur for utterances smaller than 3s and larger than 30s.
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Table 9
Performance comparison according to utterance length (identification error rate in
%)

Set Model (0s, 3s] (3s, 10s] (10s, 30s] (30s, inf)

Valid
LDA+LINSVM 64.71 34.02 15.65 6.04

M2 DM 58.82 34.53 14.15 5.10

Test
LDA+LINSVM 67.44 36.86 15.24 7.20

M2 DM 62.79 36.82 14.35 6.28

As showed in Table 1, for the COSINE distance based classification, using
a raw i-vector feature yields a better performance than the LDA dimension
reduced feature. However, for the SVM based classification, it is important to
obtain a compact feature set using the LDA for a better performance. On one
side, reducing the dimensions of input features using the LDA helps reduce
the number of model parameters and consequently helps to overcome the
overfitting problem; on the other hand, reducing the dimensions may result in
the loss of useful information, which could have been explored by nonlinear
distance metric learning in order to improve the performance. We examine
whether the LDA is helpful or not in improving the neural network based
classification with and without pair-wise distance metric learning. The results
are shown in table 10. From this table, it is evident that using the LDA as

Table 10
Performance of i-vector with LDA for dimension reduction for neural network model
systems (identification error rate in %)

Model Train Validation Test

LDA+M2 L2 9.18 16.25 16.92

LDA+M2 DM 8.59 15.46 16.30

a front-end for the reduction of dimensions (“LDA+M2 L2”) improves the
performance (on comparison with the results of “M2 L2” in Table 3). When
the model includes the pair-wise distance metric learning regularization, the
performance was further improved (“LDA+M2 DM”). However, compared to
the results of “M2 DM” in table 5, the full length i-vector is still preferred as
the input.
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5 Conclusion

In this study, we proposed a pair-wise distance metric learning algorithm for
a neural network based language identification. The metric learning imposed
constraints on the feature representation space using a certain geometric struc-
ture, i.e., by decreasing the pair-wise intra-class variation while increasing the
inter-class variation. These constraints aided in improving the generalization
ability of the model. We have tested the pair-wise distance metric learning for
the cross-entropy based training of the neural network model, and it showed an
encouraging improvement. Although current training and testing data corpus
is based on small data sets, it is possible to extend our work to large training
and testing sets, since pair-wise distance metrics can be more accurately de-
scribed using a large number of samples. One of the tasks for the future will
be to test this idea on a SLI task using large training and test data sets.

In this paper, the distance metric is defined as a cosine distance between two
feature vectors (samples). In the definition, the intra-class vectors were pushed
to be near (similar) with cosine angle 0 while the inter-class vectors were
pushed to be far away with cosine angle π. We have also examined a case where
the inter-class vectors were pushed to be orthogonal (with a cosine angle π/2).
The performance was a little worse compared to our current setting. Besides
the cosine distance metric, other distance metrics may be used to define the
geometric structure of the representation space, e.g. Euclidian distance metric,
Riemannian distance metric (Belkin et al, 2003), etc. Instead of using the pair-
wise distance metric, other high-order geometric structures of representation
space can also be explored as the regularization for parameter learning, e.g.,
geometric structures of triple samples or local neighborhood samples. In the
future, we will further investigate the introduction of new geometric structures
to the parameter space for a more efficient model learning.
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