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ABSTRACT

Due to the mismatch of statistical distributions of acoustic

speech between training and testing sets, the performance of

spoken language identification (SLID) could be drastically

degraded. In this paper, we propose an unsupervised neu-

ral adaptation model to deal with the distribution mismatch

problem for SLID. In our model, we explicitly formulate the

adaptation as to reduce the distribution discrepancy on both

feature and classifier for training and testing data sets. More-

over, inspired by the strong power of the optimal transport

(OT) to measure distribution discrepancy, a Wasserstein dis-

tance metric is designed in the adaptation loss. By minimizing

the classification loss on the training data set with the adapta-

tion loss on both training and testing data sets, the statistical

distribution difference between training and testing domains

is reduced. We carried out SLID experiments on the orien-

tal language recognition (OLR) challenge data corpus where

the training and testing data sets were collected from different

conditions. Our results showed that significant improvements

were achieved on the cross domain test tasks.

Index Terms— Spoken language identification, Unsuper-

vised domain adaptation, Optimal transport

1. INTRODUCTION

Designing a robust spoken language identification (SLID) al-

gorithm is very important for the wide usability of multi-

lingual speech applications [1, 2]. With the resurgence of

deep model learning, the SLID performance has been signifi-

cantly improved by current supervised deep feature and clas-

sifier learning algorithms [3, 4, 5, 6, 7, 8, 9, 10]. In most al-

gorithms, there is an implicit assumption that the training and

testing data sets share a similar statistical distribution prop-

erty. However, due to the complex acoustic and linguistic pat-

terns, it is often the case that testing data set and training data

set are from quite different domains (e.g., different utterance

durations or recording environments). An intuitive solution is

to do domain adaptation, i.e., to align the statistical distribu-

tion of testing data set to match that of training data set thus

*Acknowledgment: The work is supported by JSPS KAKENHI No.

19K12035.

to improve the performance. Although with large collected

labeled testing data set, it is not difficult to obtain a domain

transfer function with supervised learning algorithms, in real

applications, the label information of testing data set is often

unknown. Therefore, in this study, we mainly focus on a more

preferable and challenge situation, i.e., unsupervised domain

adaptation.

Unsupervised domain adaptation algorithms have been

proposed for speaker verification, e.g., probabilistic linear

discriminant analysis (PLDA) parameter adaptation [11, 12],

feature-based correlation alignment (CORAL) [13], and

feature-distribution adaptor for different domain vectors [14].

However, in these algorithms, most of them were proposed

for speaker verification under the framework of the PLDA

[15]. As our experiments showed that the PLDA framework

does not perform well for our SLID task due to the less of

discriminative power of the modeling. Instead, in most SLID

algorithms, a multiple mixture of logistic regression (LR)

model is used as a classifier model. Moreover, due to the

complex shapes of the distributions in training and testing do-

mains, it is difficult to guarantee the match between different

domain distributions.

The purpose for domain adaptation is to reduce the do-

main discrepancy. Recently, optimal transport (OT) has been

intensively investigated for domain adaptation in machine

learning field [16]. The initial motivation for OT in machine

learning is to find an optimal transport plan to convert one

probability distribution shape to another shape with the least

effort [17]. By finding the optimal transport, it naturally

defines a distance measure between different probability dis-

tributions. Based on this property, the OT is a promising

tool for domain adaptation and shape matching in image

processing, classification, and segmentation [16, 18, 19]. In

this paper, inspired by the OT based unsupervised adaptation

[16, 18, 19], we propose an unsupervised neural adaptation

framework for cross-domain SLID tasks. Our main contribu-

tions are: (1) We propose an unsupervised neural adaptation

model for SLID to deal with domain mismatch problem. In

the model, we explicitly formulate the adaptation in trans-

formed feature space and classifier space in order to reduce

the probability distribution discrepancy between source and

target domains. (2) We coincide the OT distance metric in

http://arxiv.org/abs/2012.13152v1
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. 1. Conventional framework for SLID based on X-vector

extraction and classifier models

y, and in-

tegrate it into the network optimization in order to learn the

on the adaptation model,

vements were obtained.

2. PROPOSED ADAPTATION FRAMEWORK

ventional state of the art model for SLID is built based on

as illustrated in Fig. 1. In this fig-

is the model for X-vector extraction which

is based on time delay neural network (TDNN) [3], FC lay-

er denotes full connected layer. The back-end model on the

is showed in the right part of Fig. 1. “LDA” means

is length nor-

on this normal-

a discriminative classifier, e.g., logistic regres-

is applied in the final classification. Although this

in Fig. 1 could relieve the mismatch prob-

in domain changes in some degree, it is still not enough

is large. In this study, we explicitly apply domain adaptation

on this model framework.

Cross domain adaptation

Given a source domain data set
=1,..,N

, and

=1,..,M

is unknown, and predicted

be used in unsupervised adaptation as showed in

to domain changes (e.g. recording channel-

exists domain discrepancy, i.e.,

is to reduce this discrep-

y.

Problem formulation

In order to remove the domain distribution difference, we
want to find a transform by which

. Based on the Bayesian theory, the joint dis-
of feature and label in the transformed space is

) = )) ))

, the joint distributions in source and tar-
be approximated. The approximation can

be explicitly decomposed to the latent feature approximation

))
))

))
))

we can see that )) ))
))

)) given the latent

ve way is

to minimize the two distribution differences. In order to min-

a distance measure between

be defined.

transport distance

(OT) distance (also known as Wasserstein
is an efficient measure of distance between proba-

of the geometric shape
of the distributions [16, 18]. For two distributions

OT distance is defined as:

OT , p ) = inf
,p

×ℜ

dγ

inf’ means infimum, i.e., the greatest lower bound

of the integration set, , p is the transport plan

two probability distributions, and

is the cost between sample points , where

is a sample pair from a compact space ×ℜ
, respectively. From Eq. (3),

we can see that the OT distance can be regarded as a weight-

ed pair-wised distance between samples from two distribu-

OT based adaptation is applied for finding

a marginal latent feature space, and later it is modified for

work, i.e., both feature (marginal distri-

bution) and classifier (conditional distribution) are adapted in

In this study, we coincide

OT loss in a neural network optimization for SLID.

for domain adaptation with OT

In a neural network based classification model, it can be ex-
regarded as a composition of two modules, i.e., fea-

extraction module and classifier module defined as:

) = , θ ) =

Fig. 1. Conventional framework for SLID based on X-vector

extraction and classifier models

measuring the probability distribution discrepancy, and in-

tegrate it into the network optimization in order to learn the

adaptation model parameters. Based on the adaptation model,

significant improvements were obtained.

2. PROPOSED ADAPTATION FRAMEWORK

Conventional state of the art model for SLID is built based on

X-vector representations as illustrated in Fig. 1. In this fig-

ure, the left part is the model for X-vector extraction which

is based on time delay neural network (TDNN) [3], FC layer

denotes full connected layer. The back-end model on the X-

vector is showed in the right part of Fig. 1. “LDA” means

linear discriminant analysis (LDA), “L-Norm” is length nor-

malization for feature normalization. Based on this normal-

ized feature, a discriminative classifier, e.g., logistic regres-

sion (LR) is applied in the final classification. Although this

model architecture in Fig. 1 could relieve the mismatch prob-

lem in domain changes in some degree, it is still not enough

when the difference between training and testing distributions

is large. In this study, we explicitly apply domain adaptation

process based on this model framework.

2.1. Cross domain adaptation

Given a source domain data set Ds = {(xs
i ,y

s
i )}i=1,..,N ,

and target domain data set Dt = {(xt
i,y

t
i)}i=1,..,M (in

real situations, the target label information is unknown,

and predicted label will be used in unsupervised adapta-

tion as showed in section 2.2). Due to domain changes (e.g.

recording channels), there exists domain discrepancy, i.e.,

ps (x,y) 6= pt (x,y). The purpose for domain adaptation is

to reduce this discrepancy.

2.1.1. Problem formulation

In order to remove the domain distribution difference, we
want to find a transform φ (·) by which ps (φ (x) ,y) ≈
pt (φ (x) ,y). Based on the Bayesian theory, the joint dis-
tribution of feature and label in the transformed space is
formulated as:

p (φ (x) ,y) = p (φ (x)) p (y|φ (x)) . (1)

Correspondingly, the joint distributions in source and tar-
get domains should be approximated. The approximation can
be explicitly decomposed to the latent feature approximation
(marginal distribution) and classifier approximation (condi-
tional distribution) as:

ps (φ (xs)) ≈ pt
(

φ
(

x
t
))

ps (y
s|φ (xs)) ≈ pt

(

y
t|φ
(

x
t
)) (2)

From Eq. (2), we can see that ps(φ(x
s)) and pt(φ(x

t))
are the latent feature distributions, and ps (y

s|φ (xs)) and

pt (y
t|φ (xt)) are the posterior distributions given the latent

features for source and target samples. The intuitive way is

to minimize the two distribution differences. In order to min-

imize the distribution difference, a distance measure between

the different distributions should be defined.

2.1.2. Optimal transport distance

Optimal transport (OT) distance (also known as Wasserstein
distance) is an efficient measure of distance between proba-
bility distributions with consideration of the geometric shape
of the distributions [16, 18]. For two distributions p1 and p2,
the OT distance is defined as:

LOT(p1, p2) = inf
γ∈

∏
(p1,p2)

∫

ℜ1×ℜ2

C(z1, z2)dγ(z1, z2), (3)

where ‘inf’ means infimum, i.e., the greatest lower bound

of the integration set, γ ∈
∏

(p1, p2) is the transport plan

(or coupling) between the two probability distributions, and

C (z1, z2) is the cost between sample points z1 and z2, where

(z1, z2) is a sample pair from a compact space ℜ1 × ℜ2

with marginal distributions p1 and p2, respectively. From Eq.

(3), we can see that the OT distance can be regarded as a

weighted pair-wised distance between samples from two dis-

tributions. The initial OT based adaptation is applied for find-

ing a marginal latent feature space, and later it is modified for

joint adaptation framework, i.e., both feature (marginal dis-

tribution) and classifier (conditional distribution) are adapted

in image classification [16, 18, 19]. In this study, we coincide

the OT loss in a neural network optimization for SLID.

2.2. Neural network for domain adaptation with OT

In a neural network based classification model, it can be ex-
plicitly regarded as a composition of two modules, i.e., fea-
ture extraction module and classifier module defined as:

y (x) = f (x; θg, θh) = g ◦ h (x) , (4)
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. 2. Joint distribution adaptation neural network for SLID

extraction and classifier
, respectively. The

be explicitly applied to the output-
s of the two modules. Connecting the domain adaptation in

, the proposed adaptation network archi-
is illustrated in Fig. 2. In this figure, we suppose that

) = is via a series of
extraction directly adopted from model

in Fig. 1, a linear dense layer transform which
LDA function as used in Fig. 1, a length nor-

is input to the classi-
. The classifier module is configured with a linear

by a softmax activation function which
values. With reference to the

explanation in section 2.1, the adaptation is defined to mini-

adapt )=αLfea , φ ))+βLcls

fea , φ )) is used to measure the feature dis-
in a latent space, cls

is used in this paper). In real situations,
in target domain is usually unknown. Instead, an estima-
ŷ ) = is used for target label. As an

is unknown, therefore, in the definition with
in source and targets domains, the loss is a

is defined as OT distance:

OT , p ) = min
,p

i,j

adapt

∈ {
xes), re-

vely. Eq. (6) is used to find the optimal transport plan

by which the adaptation loss could be estimated.

in

is defined as the multi-class cross entropy as:

CE ŷ ) =
=1

i,j log î,j

ŷ is the estimated label in source domain as ŷ

) = as sample index, and is the number of

= min
γ,θ ,θ

CE ŷ ) + λLOT , p

In the above equation, there are three sets of parameters to

be optimized, i.e., optimal transport plan matrix as defined

in Eq. (6), feature transform related parameters , and clas-

as defined in Eq. (4).

As defined in Eqs. (4), (5) and (6), the estimation of optimal

extraction and class pre-

extraction and prediction depend on the optimal trans-

be put into an expectation-

e framework with mini-batch sampling

of source and target samples as introduced in [18, 19]

3. EXPERIMENTS

on SLID task are carried out based on data cor-

In training, there are around 110 k utter-

( more than 100 hours), from 10 languages. For test

two tasks are performed, i.e., short utterance LID test,

1 and task 2 as used in OL-

R 2019 challenge). Task 1 test set includes utterances from

10 languages of the training set (1.8 k utterances

but the utterance duration is short (1 s). Task 2 in-

6 languages, also with 1.8 k utterances for each.

in wild environments which

of for training data set. In task

2, there is one development set and one test set. In this pa-

, both are used as independent test sets for task 2. In or-

to measure the quality of the classification and adaptation

two evaluation metrics are adopted by considering

false alarm probabilities for target and non-

average

as defined in [21].

as used in speaker embedding [3], the language

is with an extended TDNN architecture as

in the baseline model [22]. For improving the

30 dimensional MFCCs with 36 Mel band bins. And the M-

extracted with 25 ms frame length and 10 ms frame

Fig. 2. Joint distribution adaptation neural network for SLID

where h (·) and g (·) are the feature extraction and classi-
fier transforms with parameter sets θg and θh, respectively.
The adaptation process could be explicitly applied to the out-
puts of the two modules. Connecting the domain adaptation
in feature and classifier, the proposed adaptation network ar-
chitecture is illustrated in Fig. 2. In this figure, we suppose
that the latent feature space, z = φ (x) = h (x) is via a se-
ries of transforms: X-vector extraction directly adopted from
model architecture in Fig. 1, a linear dense layer transform
which simulates the LDA function as used in Fig. 1, a length
normalization (L-Norm) before the feature is input to the clas-
sifier layer. The classifier module is configured with a linear
dense layer followed by a softmax activation function which
outputs class-wise probability values. With reference to the
explanation in section 2.1, the adaptation is defined to mini-
mize the following loss as:

Ladapt(x
s
,y

s;xt
,y

t)=αLfea(φ(x
s), φ(xt))+βLcls(y

s
,y

t), (5)

where Lfea(φ(x
s), φ(xt)) is used to measure the feature dis-

tribution difference (loss) in a latent space, Lcls (y
s,yt) for

classifier distribution difference (loss), α and β are weighting
coefficients for feature and classifier adaptation losses (sim-
ple Euclidian distance is used in this paper). In real situations,
label in target domain is usually unknown. Instead, an estima-
tion ŷt = f (xt) = g ◦ h (xt) is used for target label. As an
unsupervised adaptation, the alignment between source and
target domains is unknown, therefore, in the definition with
different samples in source and targets domains, the loss is a
pair-wised loss which is defined as OT distance:

LOT(ps, pt) = min
γ∈

∏
(ps,pt)

∑

i,j

Ladapt(z
s
i ; z

t
j)γ(z

s
i ; z

t
j), (6)

where zsi ∈ {xs
i ,y

s
i } and ztj ∈

{

xt
j ,y

t
j

}

are samples from

source and target domains (i and j are sample indexes), re-

spectively. Eq. (6) is used to find the optimal transport plan

matrix γ by which the adaptation loss could be estimated.

Besides the adaptation loss, the classification loss in

source domain is defined as the multi-class cross entropy as:

L
s
CE (ys

i , ŷ
s
i ) = −

c
∑

j=1

y
s
i,j log ŷ

s
i,j , (7)

where ŷs
i is the estimated label in source domain as ŷs

i =
f (xs

i ) = g ◦h (xs
i ) (i as sample index, and c is the number of

class). Therefore, the total loss including the adaptation loss
and source domain classification loss as:

LT = min
γ,θg ,θh

(

∑

i

L
s
CE (ys

i , ŷ
s
i ) + λLOT (ps, pt)

)

. (8)

In the above equation, there are three sets of parameters to

be optimized, i.e., optimal transport plan matrix γ as defined

in Eq. (6), feature transform related parameters θg, and clas-

sifier transform related parameters θh as defined in Eq. (4).

As defined in Eqs. (4), (5) and (6), the estimation of optimal

transport plan matrix needs feature extraction and class pre-

diction for both source and target domains, while the optimal

feature extraction and prediction depend on the optimal trans-

port plan. The optimization could be put into an expectation-

maximization (EM) like framework with mini-batch sampling

of source and target samples as introduced in [18, 19]

3. EXPERIMENTS

3.1. Experimental conditions

Experiments on SLID task are carried out based on data cor-

pus from Oriental Language Recognition (OLR) 2020 Chal-

lenge [20, 21, 22]. In training, there are around 110 k utter-

ances ( more than 100 hours), from 10 languages. For test

sets, two tasks are performed, i.e., short utterance LID test,

and cross channel LID test (task 1 and task 2 as used in OLR

2019 challenge). Task 1 test set includes utterances from the

same 10 languages of the training set (1.8 k utterances for

each), but the utterance duration is short (1 s). Task 2 in-

cludes only 6 languages, also with 1.8 k utterances for each.

But the utterances were recorded in wild environments which

are quite different from those of for training data set. In task

2, there is one development set and one test set. In this pa-

per, both are used as independent test sets for task 2. In or-

der to measure the quality of the classification and adaptation

models, two evaluation metrics are adopted by considering

the missing and false alarm probabilities for target and non-

target language pairs, i.e., equal error rate (EER), and average

performance cost (Cavg) as defined in [21].

Similarly as used in speaker embedding [3], the language

embedding model is with an extended TDNN architecture as

implemented in the baseline model [22]. For improving the

robustness, data augmentation techniques are applied [22].

Input features for training the language embedding model are

30 dimensional MFCCs with 36 Mel band bins. And the

MFCCs are extracted with 25 ms frame length and 10 ms
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Table 1. Baseline performance.

Test sets Cavg
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extracted x-vectors are with 512 dimension-

s. Two baseline systems are constructed, one is conventional

in Fig. 1) as implemented in [22].

is our proposed neural back-end model as illustrat-

ed in Fig. 2. From this figure, we can see that the dimen-

in the optimization process. As our experiments

of these two baseline systems

we will not show the results of the conven-

to limited of space. The adapta-

is based on our proposed neural back-end system, and

is optimized using the Adam algorith-

m with an initial learning rate of

was 128.

We first visually check the cluster distributions of the lan-

on X-vector for both training and
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we can
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However, for
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in table 1.

In this table, Task1 is for short utterance LID, Task2 dev

Table 2. Adaptation performance.

Test sets Cavg
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Task2 dev
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. 4. Language cluster distributions based on the TSNE for

Task2

Task2

we can see that, the mismatch between training and test sets

in task 2 is much more serious than that in task 1.

on our proposed unsupervised adaptation learning,

we expect that the mismatch between training and testing is

We also visually check the effect of unsupervised

on language cluster distributions in Fig. 4.

In this figure, only two languages are showed. In Fig. 4-a,

to the difference of recording channels, the clusters be-

to the same language is separated (pairs of lang5

is designed based on the training data set, it is not s-

of the baseline system on test-

is degraded. After adaptation, as showed in 4-b,

of testing data set are pushed to be overlapped

of training data set for the same language. The

in table 2 (with

= 0 , β = 0 , λ = 1 as defined in Eqs. (5), (8)

). Comparing the results in tables 1 and 2, we can see that

1 and task 2 are improved with a large

As seen from Eqs. (5) and (8) , with different weighting

of the hyper-parameters, the adaptations for fea-

We test the performance on

of task 2 with variations of = 1 is fixed),

in table 3. The best result on this task

in OLR2019 challenge (fusion from multiple systems) is al-

so list for comparison [25]. From this table, we can see that

on feature distribution is more important and

effective than adaptation on the label distribution. Even with-

is fairly

Fig. 3. Language cluster distributions based on the TSNE for:

training data set (a), test data set for task 2 (b).

Table 1. Baseline performance.

Test sets EER% Cavg

Task1 test 10.17 0.0978

Task2 dev 27.47 0.2746

Task2 test 27.35 0.2858

frame shift. The final extracted x-vectors are with 512 dimen-

sions. Two baseline systems are constructed, one is conven-

tional baseline system (illustrated in Fig. 1) as implemented

in [22]. The other is our proposed neural back-end model as

illustrated in Fig. 2. From this figure, we can see that the

dimension reduction (200 dimensions) and length normaliza-

tion are integrated in the optimization process. As our exper-

iments showed that the performances of these two baseline

systems are comparable, we will not show the results of the

conventional baseline system due to limited of space. The

adaptation is based on our proposed neural back-end system,

and the adaptation process is optimized using the Adam al-

gorithm with an initial learning rate of 0.001 [23], mini-batch

size was 128.

3.2. Results

We first visually check the cluster distributions of the lan-

guage embedding based on X-vector for both training and

test data sets. The language cluster distributions are showed

based on the t-Distributed Stochastic Neighbor Embedding

(TSNE) [24] in Fig. 3. In this figure, clusters with differ-

ent colors are distributions of samples (utterances) from lan-

guages corresponding to: ‘Kazakh’: lang0, ‘Tibetan’: lang1,

‘Uyghur’: lang2, ‘Cantonese’: lang3, ‘Indonesian’: lang4,

‘Japanese’: lang5, ‘Korean’: lang6, ‘Russian’: lang7, ‘Viet-

namese’: lang8, ‘Mandarin’: lang9. From this figure, we can

see that with X-vector representation, the speaker clusters are

clearly discriminated for training data set (3-a). However, for

test set in task 2, there are large overlaps between different

language clusters (3-b). Based on the X-vector, the baseline

performance results are showed in table 1.

In this table, Task1 test is for short utterance LID, Task2 dev

Table 2. Adaptation performance.

Test sets EER% Cavg

Task1 test 7.11 0.0701

Task2 dev 18.60 0.1761

Task2 test 15.88 0.1583
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we can see that, the mismatch between training and test sets

in task 2 is much more serious than that in task 1.

on our proposed unsupervised adaptation learning,

we expect that the mismatch between training and testing is

We also visually check the effect of unsupervised

on language cluster distributions in Fig. 4.

In this figure, only two languages are showed. In Fig. 4-a,

to the difference of recording channels, the clusters be-

to the same language is separated (pairs of lang5

is designed based on the training data set, it is not s-

of the baseline system on test-

is degraded. After adaptation, as showed in 4-b,

of testing data set are pushed to be overlapped

of training data set for the same language. The

in table 2 (with

= 0 , β = 0 , λ = 1 as defined in Eqs. (5), (8)

). Comparing the results in tables 1 and 2, we can see that

1 and task 2 are improved with a large

As seen from Eqs. (5) and (8) , with different weighting
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We test the performance on
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in table 3. The best result on this task

in OLR2019 challenge (fusion from multiple systems) is al-
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on feature distribution is more important and

effective than adaptation on the label distribution. Even with-
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Fig. 4. Language cluster distributions based on the TSNE for

Task2 test: before adaptation (a), and after adaptation (b).

and Task2 test are for cross-channel LID. From these results,

we can see that, the mismatch between training and test sets

in task 2 is much more serious than that in task 1.

Based on our proposed unsupervised adaptation learning,

we expect that the mismatch between training and testing is

reduced. We also visually check the effect of unsupervised

adaptation on language cluster distributions in Fig. 4.

In this figure, only two languages are showed. In Fig. 4-a,

due to the difference of recording channels, the clusters be-

longing to the same language is separated (pairs of lang5 train

vs. lang5 test, and lang1 train vs. lang1 test). Since the

classifier is designed based on the training data set, it is not

strange that the performance of the baseline system on test-

ing data set is degraded. After adaptation, as showed in 4-b,

the clusters of testing data set are pushed to be overlapped

with those of training data set for the same language. The

recognition performance results are showed in table 2 (with

α = 0.1, β = 0.0003, λ = 1.0 as defined in Eqs. (5), (8)

). Comparing the results in tables 1 and 2, we can see that

with our proposed unsupervised adaptation learning, the per-

formance for both task 1 and task 2 are improved with a large

margin.

As seen from Eqs. (5) and (8) , with different weighting

coefficients of the hyper-parameters, the adaptations for fea-

ture and classifier are different. We test the performance on

test set of task 2 with variations of α and β (λ = 1.0 is fixed),

the results are showed in table 3. The best result on this task

in OLR2019 challenge (fusion from multiple systems) is also

list for comparison [25]. From this table, we can see that

the adaptation on feature distribution is more important and

effective than adaptation on the label distribution. Even with-

out the label distribution adaptation, the performance is fairly



Table 3. Effect of hyper-parameters on adaptation perfor-

mance for test set of task 2.
Adaptation hyper-parameters EER% Cavg

α = 0.1, β = 0.0 16.26 0.1678

α = 0.1, β = 0.00001 16.09 0.1661

α = 0.1, β = 0.0001 15.98 0.1620

α = 0.1, β = 0.001 16.46 0.1646

α = 0.1, β = 0.01 16.66 0.1726

α = 0.1, β = 0.1 21.99 0.2181

α = 0.001, β = 0.0001 25.69 0.2741

α = 0.01, β = 0.0001 22.54 0.2298

α = 0.1, β = 0.0001 15.98 0.1620

α = 1.0, β = 0.0001 17.50 0.1793

α = 10.0, β = 0.0001 25.56 0.2513

Best result in OLR2019 [25] 20.24 0.2008

good. However, without feature adaptation, only adapting the

classifier almost does not take any effect.

4. DISCUSSION AND CONCLUSION

In this paper, following the basic domain adaptation theory, a

joint distribution adaptation neural network model was pro-

posed for SLID. In our model, besides the classification loss

for source domain data, we adopted an OT distance metric

to measure the adaptation loss between source and target

data samples. Experimental results showed that the adapta-

tion effectively improved the performance. In this paper, we

have not investigated the adaptation framework with different

network architectures. In addition, concerning the adapta-

tion loss, other probability discrepancy measurement metrics

could also be integrated in current framework during model

optimization. All these studies remain as our future work.

5. REFERENCES

[1] H. Li, B. Ma, K. Lee, “Spoken Language Recogni-

tion: From Fundamentals to Practice,” Proceedings of the

IEEE, 101 (5), 1136-1159, 2013.

[2] N. Dehak, P. Kenny, R. Dehak, P. Dumouchel, and P.

Ouellet, “Front-end factor analysis for speaker verifica-

tion,” IEEE Transactions on Audio, Speech, and Lan-

guage Processing, vol. 19, no. 4, pp. 788-798, 2011.

[3] D. Snyder, D. Garcia-Romero, G. Sell, D. Povey, and

S. Khudanpur, “X-vectors: Robust dnn embeddings for

speaker recognition,” in IEEE International Conference

on Acoustics, Speech and Signal Processing (ICASSP),

pp. 5329-5333, 2018.

[4] R. Richardson, D. Reynolds, N. Dehak, “Deep Neural

Network Approaches to Speaker and Language Recog-

nition,” IEEE Signal Processing Letters, 22 (10), 1671-

1675, 2015.

[5] S. Ranjan, C. Yu, C. Zhang, F. Kelly and J. Hansen, “Lan-

guage recognition using deep neural networks with very

limited training data,” in Proc. of ICASSP, 5830-5834,

2016.

[6] I. Lopez-Moreno, J. Gonzalez-Dominguez, D. Martinez,

O. Plchot, J. Gonzalez-Rodriguez, P. J. Moreno, “On the

use of deep feedforward neural networks for automatic

language identification,” Computer Speech & Language,

Vol.40, pp.46-59, 2016.

[7] I. Lopez-Moreno, J. Gonzalez-Dominguez, O. Plchot, D.

Martinez, J. Gonzalez-Rodriguez and P. Moreno, ”Au-

tomatic language identification using deep neural net-

works,” in Proc. of ICASSP, 2014.

[8] A. Lozano-Diez, R. Zazo Candil, J. G. Dominguez, D. T.

Toledano and J. G. Rodriguez, “An end-to-end approach

to language identification in short utterances using con-

volutional neural networks,” in Proc. of INTERSPEECH,

2015.

[9] S. Fernando, V. Sethu, E. Ambikairajah and J. Epps,

“Bidirectional Modelling for Short Duration Language

Identification,” in Proc. of Interspeech, 2017.

[10] W. Geng, W. Wang, Y. Zhao, X. Cai and B. Xu, “End-to-

End Language Identification Using Attention-Based Re-

current Neural Networks,” in Proc. of Interspeech, 2016.

[11] D. G. Romero, A. McCree, S. Shum, N. Brummer,

and C. Vaquero, “Unsupervised domain adaptation for

i-vector speaker recognition,” in The Speaker and Lan-

guage Recognition Workshop, (IEEE Odyssey), pp. 260-

264, 2014.

[12] D. G. Romero, X. Zhang, A. McCree, and D. Povey,

“Improving speaker recognition performance in the do-

main adaptation challenge using deep neural networks,”

in IEEE Spoken Language Technology Workshop (SLT),

pp. 378-383, 2014.

[13] K. Lee, Q. Wang, and T. Koshinaka, “The coral+ al-

gorithm for unsupervised domain adaptation of plda,” in

ICASSP, 2019.

[14] P. Bousquet, M. Rouvier, “On robustness of unsuper-

vised domain adaptation for speaker recognition,” in IN-

TERSPEECH, 2019.

[15] S. Prince and J. Elder, “Probabilistic linear discriminant

analysis for inferences about identity,” in IEEE Interna-

tional Conference on Computer Vision (ICCV), pp. 1-8,

2007.



[16] N. Courty, R. Flamary, D. Tuia, A. Rakotomamonjy,

“Optimal transport for domain adaptation,” IEEE Trans-

actions on Pattern Analysis and Machine Intelligence, 39

(9), pp. 1853-1865, 2017.

[17] G. Peyre, M. Cuturi, “Computational Optimal Trans-

port,” arXiv:1803.00567, 2018.

[18] N. Courty, R. Flamary, A. Habrard, A. Rakotoma-

monjy, “Joint distribution optimal transportation for do-

main adaptation,” In NIPS, 2017.

[19] B. Damodaran, B. Kellenberger, R. Flamary, D. Tuia,

and N. Courty, “DeepJDOT: Deep joint distribution op-

timal transport for unsupervised domain adaptation,” In

Proceedings of the European Conference on Computer

Vision (ECCV), pp. 447-463, 2018.

[20] Z. Tang, D. Wang, L. Song, “AP19-OLR Challenge:

Three Tasks and Their Baselines,” APSIPA ASC, 2019

[21] Z. Li, M. Zhao, Q. Hong, L. Li, Z. Tang, D. Wang, L.

Song, C. Yang, “AP20-OLR Challenge: Three Tasks and

Their Baselines,” APSIPA ASC, 2020.

[22] http://cslt.riit.tsinghua.edu.cn/mediawiki/index.php

/OLR Challenge 2020

[23] Diederik P. Kingma, Jimmy Ba, “Adam: A Method for

Stochastic Optimization,” the 3rd International Confer-

ence on Learning Representations (ICLR), 2014.

[24] L. Maaten, G. Hinton, “Visualizing Data Using t-SNE,”

Journal of Machine Learning Research, 9 (86), pp. 2579-

2605, 2008.

[25] http://cslt.riit.tsinghua.edu.cn/mediawiki/index.php

/OLR Challenge 2019

http://arxiv.org/abs/1803.00567
http://cslt.riit.tsinghua.edu.cn/mediawiki/index.php
http://cslt.riit.tsinghua.edu.cn/mediawiki/index.php

	1  Introduction
	2  Proposed adaptation framework
	2.1  Cross domain adaptation
	2.1.1  Problem formulation
	2.1.2  Optimal transport distance

	2.2  Neural network for domain adaptation with OT

	3  Experiments
	3.1  Experimental conditions
	3.2  Results

	4  Discussion and conclusion
	5  References

