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Abstract—There are a number of studies about extraction of bot-
tleneck (BN) features from deep neural networks (DNNs) trained
to discriminate speakers, pass-phrases, and triphone states for im-
proving the performance of text-dependent speaker verification
(TD-SV). However, a moderate success has been achieved. A re-
cent study presented a time contrastive learning (TCL) concept
to explore the non-stationarity of brain signals for classification of
brain states. Speech signals have similar non-stationarity property,
and TCL further has the advantage of having no need for labeled
data. We therefore present a TCL based BN feature extraction
method. The method uniformly partitions each speech utterance
in a training dataset into a predefined number of multi-frame seg-
ments. Each segment in an utterance corresponds to one class, and
class labels are shared across utterances. DNNs are then trained
to discriminate all speech frames among the classes to exploit the
temporal structure of speech. In addition, we propose a segment-
based unsupervised clustering algorithm to re-assign class labels to
the segments. TD-SV experiments were conducted on the RedDots
challenge database. The TCL-DNNs were trained using speech data
of fixed pass-phrases that were excluded from the TD-SV evaluation
set, so the learned features can be considered phrase-independent.
We compare the performance of the proposed TCL BN feature
with those of short-time cepstral features and BN features extracted
from DNNs discriminating speakers, pass-phrases, speaker+pass-
phrase, as well as monophones whose labels and boundaries are
generated by three different automatic speech recognition (ASR)
systems. Experimental results show that the proposed TCL-BN out-
performs cepstral features and speaker+pass-phrase discriminant
BN features, and its performance is on par with those of ASR de-
rived BN features. Moreover, the clustering method improves the
TD-SV performance of TCL-BN and ASR derived BN features with
respect to their standalone counterparts. We further study the TD-
SV performance of fusing cepstral and BN features.
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I. INTRODUCTION

DUE to the quasi-periodic nature of speech, short-time
acoustic cepstral features are widely used in speech and

speaker recognition. Recent development of deep neural net-
works (DNNs) [1] has ignited a great interest in using bottleneck
(BN) features [2]–[8] for speech classification tasks including
speaker verification (SV). The goal of SV is to verify a person
using their voice [9], [10]. SV methods can be broadly divided
into text-dependent (TD) and text-independent (TI) ones [11].
In TD-SV, speakers are constrained to speak the same pass-
phrase or sentence during both enrolment and test phases. In
TI-SV, speakers can speak any sentence during enrolment and
test phases, i.e. there is no constraint on what sentences to be
uttered. Since TD-SV makes use of a matched phonetic con-
tent during enrolment and test phases, it typically outperforms
TI-SV.

A classical speaker verification system in general involves dis-
criminative feature extraction, universal background modelling,
and training of Gaussian mixture model-universal background
model (GMM-UBM) or i-vector, which is a fixed- and low-
dimensional representation of a speech utterance [12]. DNNs
are applied to SV in all these three parts: 1) extracting dis-
criminative bottleneck features [4], 2) replacing GMM-UBM
for i-vector extraction [13], and 3) directly replacing i-vectors
with speaker embeddings [14], in addition to works aiming to
improve SV robustness against noise [15], [16] and domain vari-
ation [17]. When used for replacing UBM, a DNN that is trained
as an acoustic model of automatic speech recognition (ASR) re-
places the traditional GMM-UBM by predicting posteriors of
senones (e.g., tied-triphone states). This allows to incorporate
phonetic knowledge into i-vectors. DNNs are also used to di-
rectly replace i-vectors for speaker characterization with trained
speaker embeddings, which are the outputs of one or more DNN
hidden layers. In [18], the embeddings are also called d-vector.
Instead of equally weighting and averaging all frames as e.g.
in the d-vector approach, paper [19] uses an attention mecha-
nism to fuse phonetic and speaker representations so as to gen-
erate an utterance-level speaker representation. When used for
feature extraction, a DNN is trained to discriminate speakers,
pass-phrases, senones or a combination of them. Then the out-
puts of one or more DNN hidden layers are projected onto a low
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dimensional space called BN features. Previous studies [4]–[6],
[20]–[22] have demonstrated that BN features are useful either
for obtaining a better performance than cepstral features or for
providing complementary information when cepstral and BN
features are fused. However, training DNNs to extract these BN
features requires manual labels (e.g., speakers and pass-phrases),
or phonetic transcriptions based on ASR. Obtaining these labels
are time-consuming and expensive, and building ASR systems
requires large amounts of training data and expert knowledge
[23]. Beyond SV, some other works extract phonetic annotation
based BN features for speech recognition [24], [25] and spoken
language recognition [24], [26], [27].

Unsupervised representation learning is one of the biggest
challenges in machine learning and at the same time has a great
potential of leveraging the vast amount of often unlabeled data.
The primary approach to unsupervised deep learning is proba-
bilistic generative modeling, due to optimal learning objectives
that probabilistic theory is able to provide [1], [28]. Successful
examples are variational autoencoders (VAEs) [29] and genera-
tive adversarial networks (GANs) [30]. The study in [1] presents
a time contrastive learning (TCL) concept, a type of unsuper-
vised feature learning method, which explores the temporal non-
stantionarity of time series data. The learned features aim to
discriminate data from different time segments. It is shown that
what the TCL feature extractor computes is the log-probability
density function of the data points in each segment, and thus TCL
has a nice probabilistic interpretation [1]. The TCL method is
used for classifying a small number of different brain states that
generally evolve over the time and can be measured by mag-
netoencephalography (MEG) signals. Specifically, TCL trains a
neural network to discriminate each segment by using the seg-
ment indices as labels. The output of the last hidden layer is the
feature for classifying brain states [1].

Exploiting underlying structure of temporal data for unsu-
pervised feature learning has also been studied for video data.
In [31], features are learned in an unsupervised fashion by as-
suming that data points being neighbors in the temporal space
are likely to be neighbors in the latent space as well. Similarly,
the work in [32] exploits the structure of video data based on
two facts: (1) there is a temporal coherence in two successive
frames, namely they contain similar contents and represent the
same concept class, and (2) there are differences or changes
among neighbouring frames due to, e.g., translation and rota-
tion. Therefore, learning features by exploiting this structure
will be able to generate representations that are both meaningful
and invariant to theses changes [32].

Since speech is a non-stationary time series signal, there is
a contrast across speech segments. At the same time, neigh-
bouring frames likely represent the same concept class. Fur-
thermore, since in the TD-SV setting, same pass-phrases are
uttered by speakers multiple times in the training set, there are
certain structures in the data, e.g. matched contents across ut-
terances. Across the entire training dataset, segments assigned
with the same classes are of course most likely heterogeneous.
In [33], however, it is shown that deep neural networks trained
by stochastic gradient descent methods can fit well the training

image data with random labels and this phenomenon happens
even if the true images are replaced by unstructured random
noise. Therefore, we hypothesize that training of networks with
random labels assigned by the TCL approach will converge and
if we choose bottleneck features from the proper hidden layer,
a useful feature can be extracted. All these motivate us to pro-
pose the TCL method for TD-SV. Speech and MEG signals,
however, are quite different in nature, namely speech signals
contain much richer information for which the tasks in hand of-
ten involve classification of much more classes. Furthermore,
the amount of available speech data including labelled data is
significantly larger than MEG data, leading to more alterna-
tive methods for speech feature learning. Therefore, extensive
study is required to explore the potential of TCL for speech
signals.

In [34] we proposed a TCL based BN feature for TD-SV. The
main strategy is to uniformly partition each utterance into a pre-
defined number of segments, e.g. N , regardless of speakers and
contents. The first segment in an utterance is labelled as Class
1, the second as Class 2, and so on. Each segment is assumed to
contain a single content belonging to a class. The speech frames
within thenth segment,n ∈ {1, 2, . . . , N}, are assigned to Class
n. A DNN is then trained to discriminate each speech frame
among the different classes. The core idea of TCL learning is
to exploit temporally varying characteristics inherent in speech
signals. It has been shown in [34] that without using any label
information for DNN training, TCL-BN gives better TD-SV per-
formance than the Mel-frequency cepstral coefficient (MFCC)
feature and existing BN features extracted from DNNs trained to
discriminate speakers or both speakers and pass-phrases where
manual labels are exploited.

While no need for labelled data is an advantage, segmenta-
tion and labelling in TCL are arbitrary and the labels do not
carry any particular meaning. In this work, we therefore pro-
pose a segment-based statistical clustering method to iteratively
regroup the segments in an unsupervised manner with the goal
to maximize likelihood. The clustering method groups together
segments with similar phonetic content to form clusters, and
each cluster is considered a class. It is expected that the cluster-
ing process will lead to improved class labels for the segments,
which are then used to train DNNs, leading to improved BN
features.

As the TCL method trains DNNs to discriminate phonetic
content, one natural question to ask is how it compares with
segmentation and labelling obtained by a speech recognizer.
While senones or triphone states have been used as the target
classes for training DNNs to extract features, BN feature extrac-
tion based on discriminating phones is relatively unexplored in
the context of TD-SV. The motivation of investigating the use
of phones is that the time granularity or resolution for defin-
ing the classes is significantly smaller than that of using tri-
phone states (e.g. 3001 in [4]) and much closer to that of TCL
learning (e.g. tens in [34]). In [4], triphone states have been
used as the frame labels for training DNNs from which BN
features are extracted. It is shown that BN features extracted
from DNNs discriminating both speakers and phones performs
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similarly to BN features based on discrimination of either speak-
ers only or both speakers and phrases. In [13], bottleneck fea-
tures are extracted from DNNs trained to predict senone pos-
teriors. Experimental results show that the senone-discriminant
BN feature does not even outperform MFCCs, although being
complementary to MFCCs. The reason why using senones as
training targets does not improve the MFCC baseline might be
because the large number of senones requires to use a large
amount of data to train a large neural network in order to per-
form well. Instead of using tied tri-phone states/senones as the
DNN training targets as in [4], [13], this paper investigates two
speech recognition settings, one where a phoneme recognizer
is used to decode the phone sequences, for which two differ-
ent recognizers are investigated, and the other where the forced
alignments are used to obtain the phone sequences. The gen-
erated phone sequences and boundaries are used for training
phone-discriminant BN (PHN-BN) features. We compare their
performance against each other and that of TCL. To our knowl-
edge, the performance of using PHN-BN features for TD-SV
has not been reported in the literature. Context-independent
monophone states have been used as DNN training targets to
extract BN features for language identification in [35], where it
is experimentally shown that phone-state-discriminant BN per-
forms significantly better than the triphone-state-discriminant
BN. However, monophone states rather than phones themselves
are used and the application is language identification rather than
SV [35].

We conducted our TD-SV experiments on the RedDots Chal-
lenge 2016 database [36], [37]. We show that TCL-BN gives
better performance than MFCC features and BN features dis-
criminating speakers or both speakers and pass-phrases, while
being on par with using the phone sequences produced by an
ASR system. Clustering improves the performance especially
for TCL-BN, and TCL-BN with clustering performs the best
among all features. The TCL approach further has the flexibility
in choosing the number of target classes for DNN training.

The contributions of this paper are multi-fold. First, it pro-
poses a segment-based statistical clustering method to re-assign
class labels to the segments generated by TCL or speech recog-
nizers. Second, the paper extends the study of our previous work
on TCL-BN [34], to analyse the learned features through scatter
plots using the T-SNE method [38] and to conduct more exten-
sive experiments such as extracting BN features from different
DNN hidden layers with different numbers of DNN training
target classes. Third, the paper studies BN features that are ex-
tracted from DNNs trained to discriminate phones, which are
again based on segmentation and labeling generated by differ-
ent ASR systems, in contrast to training DNNs to discriminate
triphone states or senones as done in the literature. Fourth, the
performance of a wide range of BN features are compared un-
der the GMM-UBM and i-vector frameworks on the RedDots
database. Finally, the fusion of MFCCs and various BN features
at both score and feature levels is studied.

The rest of the paper is organized as follows. In Section II
we describe bottleneck features. The segment-based clustering
method is presented in Section III. Sections IV and V present two

TD-SV methods and experimental set-ups, respectively. Results
and discussions are given in Section VI. The paper concludes in
Section VII.

II. BOTTLENECK FEATURES

Bottleneck features are features extracted from the hidden
layers of BN-DNNs (i.e. DNNs for BN feature extraction). In this
section, we present three phone-discriminant BN features, which
differ from the often used senone-discriminant BN features, and
two time-contrastive learning based BN features, in addition to
the commonly used speaker- and pass-phase-discriminant BN
features.

All BN-DNNs in this work use Mel-frequency cepstral coef-
ficients [39] as the input. MFCCs are the most commonly used
features for speaker verification. In this work, we use 57 dimen-
sional MFCCs including C1–C19, Δ and ΔΔ coefficients with
RASTA filtering [40], which are extracted from speech signals
with a 20 ms Hamming window and a 10 ms frame shift. An
energy based voice activity detection is applied to select high
energy frames for MFCC feature extraction and further process-
ing, while low energy frames are discarded. This work does not
consider noisy speech signals and otherwise, it will be essential
to use a noise robust voice activity detection method. Finally,
the high energy frames are normalized to fit zero mean and unit
variance at utterance level.

A. Speaker- and Pass-Phrase-Discriminant BN Features

Two BN features are chosen as state-of-the-art baseline meth-
ods in this work. The first one is speaker-discriminant BN (SPK-
BN) [4], in which DNNs are trained to discriminate speakers
using the cross-entropy loss. Another feature is speaker+pass-
phrase discriminant BN (SPK+phrase-BN) [4], in which DNNs
are trained to discriminate both speakers and pass-phrases simul-
taneously. This involves two loss functions: one for discriminat-
ing speakers and the other for discriminating pass-phrases. The
average of the two losses is used as the final criterion in the DNN
multi-task learning procedure. We use the CNTK toolkit [41] for
all BN-DNN training.

B. Phone-Discriminant BN Features

In the literature, triphone states or senones have been used as
the BN-DNN target classes [4], [13]. This gives a large num-
ber of output neurons, e.g. 3001 tied-triphone-states in [4] and
the performance is not promising. In this work, instead, we in-
vestigate the use of phones as the training target classes, which
gives significantly lower class granularity. Specifically, DNNs
are trained to discriminate phones and the number of nodes in the
DNN output layer is equal to the number of phones as shown
in Fig. 1. We consider three different speech recognizers for
generating phone labels as detailed in the following.

For PHN-BN1, the phoneme recognizer based on [42] is used
to generate phoneme alignments for the RSR2015 database [43].
39 English phonemes are considered. The recognizer consists
of three artificial neural network (ANNs) and each ANN has
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Fig. 1. Bottleneck feature extraction from a DNN trained to discriminate
phones.

a single hidden layer with 500 neurons. A total of 23 coeffi-
cients are extracted as Mel-scale filter bank energies and the
context of 31 frames are concatenated for long temporal analy-
sis. This context is split into left and right blocks (with one frame
overlap) [42]. Two front-end ANNs produce phoneme posterior
probabilities for the two blocks separately, and the third back-
end ANN merges the posterior probabilities from the two context
ANNs.

PHN-BN2 is based on an end-to-end segmental phoneme rec-
ognizer [44]. We use 40-dimensional log-Mel feature vectors as
the input to the segmental model. The segmental model con-
sists of a 3-layer bidirectional long short-term memory (LSTM)
with 256 cell units for each direction. The segmental features are
a combination of averaging over the hidden vectors of different
parts of the segments and the length of the segment (termed FCB
in [45]). The segmental model is trained on the TIMIT training
set [46] with the standard phone set including 47 phones and
one label for silence. The maximum phone duration is cap to
30 frames. Marginal log loss [47] is optimized with Stochastic
gradient descent (SGD) for 20 epochs with step size 0.1, gradi-
ent clipping of norm 5, and a batch size of one utterance. The
best model is chosen based on phone error rates from the first
20 epochs, and is trained for another 10 epochs in the same way
except with the step size 0.75 decayed by 0.75 after each epoch.
We then decode using the best segmental model to obtain phone
sequences for the utterances in the RSR2015 database [43].

PHN-BN3 is based on forced alignments generated from the
end-to-end segmental model [44]. Though trained end-to-end,
the segmental model is able to produce excellent alignments
without using any manual segmentation [45], [47].

It is noted that in the ASR based approaches, ‘sil’ or ‘pause’
is included in the phoneme list for speech recognition or gener-
ating phone sequences. However, they are excluded from sub-
sequently training DNNs that are used for BN feature extrac-
tion. In other words, a ‘sil’ or ‘pause’ model has the function
of detecting the less energized or silence frames and then re-
moving these frames from BN-DNN training. Table I lists the
phones available in different ASR systems, excluding ‘sil’ and
‘pause’.

TABLE I
LISTS OF PHONES GENERATED FROM DIFFERENT SPEECH/PHONE

RECOGNITION SYSTEMS AND USED FOR TRAINING BN-DNNS

Fig. 2. Segmentation of speech utterances for BN feature extraction in uTCL.

C. Time-Contrastive Learning Based BN Features

We recently proposed to apply TCL to extract BN features for
TD-SV [34]. There are two ways to implement the TCL method.
One is utterance-wise TCL (uTCL), in which each utterance
for training DNNs is uniformly divided into N segments. The
number of segments N is equal to the number of classes N in
TCL, i.e., the number of output nodes in DNNs. Speech frames
within a particular segment are assigned a class label as follows:

(x1, . . . , xM )
︸ ︷︷ ︸

Class 1

, . . . , (x(n−1)M+1, . . . , xnM )
︸ ︷︷ ︸

Class n

, . . . , (x(N−1)M+1, . . . , xNM )
︸ ︷︷ ︸

Class N

(1)

where n and M indicate the segment index (as well as the class
ID) and the number of frames within a segment, respectively.
Afterwards, DNNs are trained to discriminate the frames among
the classes. We vary the value of N in order to study the effect of
different numbers of classes in TCL on TD-SV. Fig. 2 illustrates
the segmentation of speech utterances for BN feature extraction
in uTCL.

The other way of realizing TCL for speech is called stream-
wise TCL (sTCL) [34]. It is similarly to uTCL, with the only
difference being that training data of the DNNs are first ran-
domly concatenated into a single speech stream. The single
speech stream is then partitioned into segments of 6 frames
each (chunk). While uTCL attempts to capture the structures
in a speech corpus, e.g. repeating sentences, sTCL constructs
DNN training in much higher degree of randomness.
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Fig. 3. Illustration of segment-based clustering for speech data withN classes.

To obtain BN features in the respective systems, the output of
a DNN hidden layer at frame-level is projected onto a lower di-
mensional space by using principle component analysis (PCA).

III. SEGMENT-BASED CLUSTERING

As segment classes in TCL are defined or assigned by uni-
formly segmenting speech signals in unsupervised manner, seg-
ment contents in each class are inevitably heterogeneous. This
motivates us to devise a clustering algorithm to group similar
speech segments together and form new groups/classes. This
is expected to be beneficial for DNN training, thus leading to
improved BN features. In this section, we propose a segment-
based clustering method, which re-assigns labels to segments,
as follows.
Step 1: Pool together all speech segments belonging to a par-

ticular class cn and derive the class specific GMM, λn,
from the GMM-UBM (trained on the TIMIT dataset)
through maximum a posteriori (MAP) adaptation.

Step 2: Classify each speech segment using newly-derived
class-specific GMMs based on the maximum likeli-
hood approach,

î = arg max
1≤i≤N

p(Sj |λi) (2)

where Sj denotes the set of feature vectors in the jth

speech segment.
Step 3: Check whether the stop criteria are met. If yes, go to

next step. Otherwise, go to Step 1 and repeat the pro-
cess.

Step 4: Output the new class labels for speech segments (for
training the BN-DNN)

Fig. 3 illustrates the clustering method. In this work, the
method is used in combination with TCL-BN and PHN-BN. In
the experiment of this work, the stop criterion is that Step 1 and
Step 2 are repeated 5 iterations, which is found to give a stable
set of clusters, i.e. the clusters do not change much. This choice
is for simplicity and computational time efficiency. While the
proposed algorithm is for clustering, it differs from the conven-
tional K-means algorithm [48] by being based on probability
than Euclidean distance. It also differs from the expectation-
maximization (EM) algorithm for training GMMs [49]. First, it
is for clustering than density estimation. Secondly, it is based
on segments rather than single frames. Thirdly, cluster-specific
GMMs are updated from the GMM-UBM (a priori distribution)
through MAP adaptation in contrast to the maximization step in
the EM algorithm where cluster-specific Gaussian models are
directly calculated on the data belonging to each cluster.

Fig. 4. GMM-UBM based speaker verification.

The way the proposed clustering method iteratively increases
the likelihood of segments shares some similarity to the gener-
ation of forced alignment in ASR training [50] where triphone
segments are gradually refined through an align-realign process.
There are also a number of differences between them as follows:
1) forced alignment is generated by using a given text transcrip-
tion (without time stamps) while the segment clustering method
does not use any transcription, 2) the forced alignment sequence
is fixed by the text while segments have no fixed ordering in the
segment clustering, 3) segment durations of forced alignment
change during the iterative process while they are fixed for the
segment clustering, and 4) hidden Markov models or hybrid
models are used for forced alignment while GMMs are used for
the segment clustering method.

IV. SPEAKER VERIFICATION METHODS

We consider two best-known methods for speaker verifica-
tion: GMM-UBM and i-vector.

A. The GMM-UBM Method

As per [9], a target speaker model is derived from GMM-
UBM with MAP adaptation using the training data of the target
speaker during the enrolment phase as illustrated in Fig. 4.

During the test phase, the feature vectors of a test utterance
Y = {y1, y2, . . . , yT } is scored against the claimant model (i.e.
the target speaker model) λr and GMM-UBM λubm. Finally, the
log likelihood ratio (LLR) value is calculated using the scores
between the two models

LLR(Y ) =
1

T

T
∑

t=1

{log p(yt|λr)− log p(yt|λubm)} (3)

It is well established [4], [51] that GMM-UBM performs bet-
ter than i-vector for speaker verification using short speech ut-
terances.

B. The i-Vector Method

In this framework, a speech utterance is represented by a vec-
tor called i-vector [12]. The i-vector w is obtained by projecting
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Fig. 5. Illustration of i-vector based speaker verification.

the speech utterance onto a subspace T (called total variability
space or T-matrix) of a GMM-UBM super-vector, where speaker
and channel information is dense. It is generally expressed as,

M = m+ Tw (4)

where w is an i-vector, M and m denote the utterance depen-
dent GMM super-vector, the speaker-independent GMM super-
vector obtained by concatenating the mean vectors from the
GMM-UBM, respectively, and T the total variability space. For
more details refer to [12].

During the enrolment, each target is represented by an aver-
age i-vector computed over his/her training utterance-wise (or
speech session-wise) i-vectors. In the test phase, the score be-
tween the i-vector of a test utterance and the claimant specific
i-vector (obtained during enrolment) is calculated using prob-
ability linear discriminate analysis (PLDA). Fig. 5 illustrates
the speaker enrolment and test phases of i-vector based speaker
verification.

PLDA represents an i-vector in the joint factor analysis (JFA)
framework as

w = μw +Φy + Γz + ε (5)

where Φ and Γ are matrices denoting the eigen voice and eigen
channel subspaces, respectively. y and z are the speaker and
channel factors, respectively, with a priori normal distribution. ε
represents the residual noise. Φ, Γ and ε are iteratively updated
during the training process by pooling together a numbers of
i-vectors per speaker class from many speakers. During test, the
score between two i-vectors (w1, w2) is calculated as:

score(w1, w2) = log
p(w1, w2|θtar)
p(w1, w1|θnon) (6)

where hypothesis θtar states that w1 and w2 come from the
same speaker, and hypothesis θnon states that they are from
different speakers. For more details about the PLDA based scor-
ing see [52]–[54]. Before scoring, i-vectors are conditioned to
reduce the session variability with two iterations of spherical
normalization (sph) as in [52].

V. EXPERIMENTAL SET-UPS

Experiments were conducted on the ‘m-part-01’ task (male
speakers) of the RedDots database as per protocol [37]. There

TABLE II
NUMBERS OF DIFFERENT TRIALS AVAILABLE FOR THE TD-SV

EVALUATION ON THE REDDOTS DATABASE

are 320 pass-phrase dependent target models for training. Each
target has three speech files for training. Each utterance is very
short in duration (approximately 2–3 s in duration). Three types
of non-target trials are available for the evaluation of text depen-
dent speaker verification system. Table II presents the number
of different trial available in evaluation.

True-trials: when a target speaker claims by pronouncing the
same pass-phrase as enrolment in the testing phase.

Target-wrong (TW): when a target speaker claims by pro-
nouncing a different pass-phrase in the testing phase.

Imposter-correct (IC): when an imposter speaker claims by
speaking the same pass-phrase as target in the enrolment phase.

Imposter-wrong (IW): when an imposter speaker claims by
speaking a wrong pass-phrase.

For BN feature extraction, DNNs are trained using data from
the RSR2015 [43] database, from which the pass-phrases that
also appear in the TD-SV evaluation set in the RedDots database
are removed. Therefore, there are no pass-phrase overlap be-
tween data for training BN-DNNs and data for TD-SV evalua-
tion. It gives≈ 72764 utterances over 27 pass-phrases (recorded
in 9 sessions) from 300 non-target speakers (157 male, 143
female). All DNN consists of 7 layer feed-forward networks
and use the same learning rate and the same number of epochs
in training. Each hidden layer consists of 1024 sigmoid units.
The input layer is of 627 dimensions, based on 57 dimensional
MFCC features with a context window of 11 frames (i.e. 5 frames
left, current frame, 5 frames right).

For speaker-discriminant DNN (SPK-BN), the number of out-
put nodes is equal to the number of speakers, i.e. 300. Whereas,
the speaker+pass-phrase (SPK+phrases-BN) discriminant DNN
consists of 327 output nodes (300 speakers + 27 pass-phrases).
To obtain the final BN feature, the output from a hidden layer,
a 1024 dimensional deep feature, is projected onto a 57 dimen-
sional space to align with the dimension of the MFCC feature for
a fair comparison. Allowing a higher dimension for BN can po-
tentially boost the performance as observed in [3]. Deep features
are normalized to zero mean and unit variance at utterance level
before using principle component analysis (PCA) for dimension
reduction.

A gender-independent GMM-UBM with 512 Gaussian com-
ponents having a diagonal covariance matrix is trained using the
6300 utterances from 630 non-target speakers (438 male, 192 fe-
male) of the TIMIT database [46]. Same GMM-UBM training
data are used for the PCA. In MAP adaptation, three iterations
are followed with value of relevance factor 10.

For the i-vector method, the data for training BN-DNNs are
also used for training a gender independent total variability space
and for training PLDA and sph. In PLDA, utterances of the same
pass-phrase from a particular speaker are treated as an individual
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TABLE III
TD-SV RESULTS OF MFCCS AND BN FEATURES ON THE M-PART-01 TASK OF THE REDDOTS DATABASE USING THE GMM-UBM METHOD. GRAY-COLORED TEXT

SHOWS THE RESULTS OF BN FEATURES EXTRACTED FROM A NON-DEFAULT HIDDEN LAYER TO PROVIDE FURTHER INSIGHTS ABOUT THE BEHAVIOR OF THE

CORRESPONDING BN EXTRACTION METHODS, WHILE THOSE FEATURES WILL NOT BE USED IN REAL SYSTEMS

speaker. It gives 8100 classes (4239 male and 3861 female) in
PLDA. Speaker and channel factors are kept full in PLDA, i.e.
equal to the dimension of i-vector (400) for all systems.

System performance is evaluated in terms of equal error rate
(EER) and minimum detection cost function (minDCF) [55].

VI. RESULTS AND DISCUSSIONS

This section presents the TD-SV results for different features,
followed by discussions.

A. Comparison of TD-SV Performance for a Number of BN
Features and MFCCs Under the GMM-UBM Framework

In this section, we present TD-SV results of sTCL and uTCL
with or without clustering, using 10 TCL classes and extracting
features from BN-DNN hidden layers L2 and L4, as well as
TD-SV results of phone-discriminant BN features. We compare
these results to those of speaker-discriminant BN features and
MFCCs.

Table III shows the TD-SV results of different BN features and
MFCCs. It is noticed that all BN features (except for PHN-BN1-
L4, sTCL-L4 and uTCL-L4, but L2 should be used for these
methods as the training targets are phonetic content-related) give
lower average EERs and MinDCF than those of MFCCs, con-
firming the effectiveness of BN features for the TD-SV. The

behavior of sTCL-L4 and uTCL-L4 is analyzed and discussed
in the next subsection. Concerning the hidden layer from which
features are extracted, L4 is be tter than L2 for SPK-BN and
SPK+phrase-BN, while the opposite is observed for the rest, in-
cluding sTCL-BN, uTCL-BN, PHN-BN1, PHN-BN2 and PHN-
BN3. This can be well explained by the fact that the train-
ing target classes include speaker identities for SPK-BN and
SPK+phrase-BN and thus using later hidden layer as output is
favourable.

Among all features without clustering, PHN-BN3 gives the
lowest average EER followed by uTCL-BN. Among PHN-BN
features, the ranking in TD-SV performance is PHN-BN3, PHN-
BN2 and PHN-BN1, in a descending order. This is also in line
with their speech recognition performance as PHN-BN3 uses
the forced-alignment decoding approach and thus provides the
most accurate phonetic transcriptions for training DNNs.

The clustering method is able to reduce the the average EER
and MinDCF of PHN-BN1 and PHN-BN2 with respect to their
standalone systems. However, it is unable to improve the per-
formance of PHN-BN3. This is because the already accurate
transcriptions provided by the forced-alignment decoding ap-
proach.

Among all the feature extraction methods, uTCL-BN with
clustering gives the lowest average EER and minDCF, followed
by PHN-BN3 with a minor margin.
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TABLE IV
TD-SV RESULTS OF TCL-BN FEATURES WITH/WITHOUT CLUSTERING ON THE M-PART-01 TASK OF THE REDDOTS DATABASE USING THE GMM-UBM METHOD.

THE AVERAGE PERCENTAGE OF EER AND MinDCF × 100 FOR MFCC ARE 3.19 AND 1.35, RESPECTIVELY

B. TD-SV Performance of TCL-BN Features With Different
Configurations Under the GMM-UBM Framework

Table IV presents TD-SV results of sTCL and uTCL with or
without clustering, using different numbers of TCL classes and
extracting features from different BN-DNN hidden layers with
the purpose of providing insights about the behaviour of TCL
with different configurations.

We first compare the performance of extracting features from
different hidden layers for sTCL and uTCL. L2 clearly outper-
forms L4. This can be explained by the fact that the TCL training
target classes are related more to phonetic content than to speaker
identity, so that the earlier output layer is preferred for speaker
verification. The differences between L2 and L4 for sTCL are
marginal, while the differences for uTCL are very significant.
The performances of sTCL do not change much across different
numbers of training target classes and different layers (L2 or

L4), and they are all better than the MFCC baseline. This sta-
ble performance of sTCL is primarily due to the fact that sTCL
randomly assigns labels to segments. On the other hand, the per-
formance of uTCL varies much. An overall explanation to these
observations is that the training targets for uTCL are much more
meaningful and consistent than those for sTCL.

Concerning the number of TCL classes,N = 15 andN = 10,
give the lowest average EERs for sTCL and uTCL, respectively.
The performance of sTCL does not vary much for different num-
bers of classes, which is due to the nature of sTCL randomly gen-
erating segments and assigning class labels. On the other hand,
uTCL is rather sensitive to varying the value N . Different from
sTCL, uTCL exploits the data structure of text-dependent pass-
phrases, which is the reason why it is sensitive to the number of
classes.

The behaviour of uTCL deserves extra attention. When the
number of classes N equals to 10, uTCL-L2 achieves the lowest
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Fig. 6. Scatter plots of uTCL-BN-features for the L2 and L4 DNN layers. The
plots are extracted for three target speakers using the utterances available in the
training set (using the T-SNE toolkit [38] with same parameters). All features
use the same utterances of the three speaker for a better comparison.

EER (1.89%) and MinDCF (0.76/100) while uTCL-L4 gives
the second highest EER (16.61%) and the third highest MinDCF
(8.59/100), among all configurations without clustering, and
the differences are large. On the other hand, N = 7 gives the
worst performance (still slightly better than the MFCC base-
line) among uTCL-L2 while the third best among uTCL-L4.
The exactly opposite performance between L2 and L4 is an in-
teresting observation. To provide an insight about this behaviour,
we scatter-plot the uTCL-BN features for the L2 and L4 layers
for N = 10 using the T-SNE toolkit [38], as shown in Fig. 6.
From the Fig. 6, it can be seen that uTCL-L4 BN features all
mixed together and does not show any discrimination structure
or pattern in the feature space. On the other hand, uTCL-L2 fea-
tures form clusters for different speakers. This reflects on their
performance of TD-SV.

Similar behaviour to that of N = 10 is observed for N =
5. This is likely because N = 5 and 10 match the underline
linguistic structure of utterances in the RSR2015 database so
that L4 strongly represents the linguistic information and the
network learns good feature representation for speech signal in
general at L2. Analysis shows that the minimal, maximal and
average number of words per sentence in the database are 4, 8
and 6.3. Average number of frames per utterance is 205, and
average number of frames per word is 32.5. Table IV shows that
N = 7 and N = 15 behave in an opposite way to that of N = 5
and N = 10, which deserves further investigation.

For larger values of N , e.g. 20 and 40, Table IV shows that
the differences in TD-SV performance among sTCL-L2, sTCL-
L4, uTCL-L2 and uTCL-L4 are rather small, with EER ranging
from 2.86% to 3.00%, which are rather consistent but higher
than that (1.89%) of uTCL-L2 for N = 10. This is because
small segments resulted from large N values increase the mis-
match among segments with the same label. When N = 40, the

average number of frames per segment is around 5, so it is more
likely segments in the same class have different phonetic con-
tents, leading to less-well trained BN-DNN as compared with
smaller values of N , e.g. N = 10, as well as leading to similar
performances between sTCL and uTCL for L2 and L4. On the
other hand, clustering helps improve the performance of uTCL-
L2 much, by giving decent performances (1.79%, 1.88% and
2.15% for N = 10, 20, and 40 respectively).

The clustering method steadily improves the performance of
both sTCL and uTCL for L2. This indicates that the proposed
clustering method is able to assign similar speech segments to
the same class in an unsupervised manner. In other words, DNNs
get better labelled data and thus reduce intra-class variabilities
for DNN training, leading to better BN features for TD-SV. It is
worth to note that after applying the clustering method, uTCL-L2
provides both stable and good performance across the different
numbers of classes ranging from 5 to 20, which largely improves
the applicability of uTCL.

It is observed that uTCL-L2 with clustering performs steadily
well when the number of training target class is equal to or larger
than the average number of words in utterances and it performs
the best at around two times the average number of words.

It should be noted that in all experiments in this work, the pass-
phrases in the DNN training data are different from the TD-SV
evaluation set, i.e. the learned feature is not phrase-specific.

C. Scatter Plots of BN Features and MFCCs

To obtain insights about the different features, we use T-SNE
toolkits [38] to scatter-plot the different features for 3 target
speakers (to limit the number for better visualization) using the
utterances available in the training set as in Fig. 7. It can been
seen that MFCC features are more compact and mixed together
with each other. SPK-BN is slightly better, but not significantly.
On the contrary, PHN-BN3 and uTCL+clustering BN features
are much more spread and demonstrate clear structures in the
data, indicating the superior discrimination and representation
ability. It is further noticed that clustering helps make the TCL
features more spread and structured. It is encouraging to see that
the level of spread and structure of features is well in-line with
their corresponding performance in TD-SV. This indicates that
the scatter plot generated by using T-SNE is a good means for
choosing features and thus the configurations to generate the
features.

D. Comparison of TD-SV Performance for a Number of BN
Features and MFCCs Under the i-Vector Framework

Table V compares the TD-SV performance of several fea-
tures under the i-vector framework [12] on the m-part-01 task
of the RedDots database. For simplicity, we only consider the
DNN layer for BN feature extraction, which gives the lowest
average EERs in Table III. It can be seen from the Table V that
average EER or MinDCF values of the TD-SV for most of BN
features are lower than those of MFCCs except for SPK-BN
and SPK+phrase-BN. This again confirms the usefulness of BN
features for TD-SV. Among all features, PHN-BN2 with clus-
tering performs the best, followed by PHN-BN1 with clustering.
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Fig. 7. Scatter plots of MFCCs and BN-features extracted for three target speakers using the utterances available in the training set (using T-SNE toolkits [38]
with same parameters). All features use the same utterances of the three speaker for a better comparison.

TABLE V
TD-SV RESULTS OF MFCCS AND BN FEATURES ON THE M-PART-01 TASK OF THE REDDOTS DATABASE USING THE I-VECTOR METHOD

PHN2-BN and uTCL-BN with clustering come after with small
margins. It is interesting to notice that it is not the one with most
accurate transcriptions gives the best TD-SV performance un-
der the i-vector framework, even though the margins are small.
Compared to the GMM-UBM framework with results shown
in Table III, the i-vector method gives much higher EER and
minDCF values. This is due to the use of short utterances for
speaker verification [4], [43], [51].

E. Fusion of MFCCs With BN Features

In this section, we study the fusion of MFCCs and BN features
at both score and feature levels under the GMM-UBM frame-
work. Only the GMM-UBM framework and BN features with
clustering are considered due to their good performance.

1) Score-Level Fusion: Table VI presents the TD-SV results
when scores of the MFCC based system are fused with the scores

of the respective BN feature based systems. Scores of the dif-
ferent systems are combined with weights as follows. First, the
inverse of the mean EER value (mi

eer) of each system i is calcu-
lated. Second, inverse values are scaled so that the summation
of the weights (wi for the ith system) become unity. Finally the
fusion score is the weighted sum of component system scores.
The steps are detailed in the following equations.

yi =
1

mi
eer

(7)

wi =
yi

∑l
i=1 yi

(8)

fusedscore =
l

∑

i=1

wi ∗ scoresysi (9)

From Table VI, it is noticed that all fusion systems perform
better than MFCCs alone. When combined with MFCCs, all
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TABLE VI
TD-SV RESULTS FOR THE SCORE-LEVEL FUSION OF MFCCS AND BN FEATURES ON THE M-PART-01 TASK OF THE REDDOTS

DATABASE USING THE GMM-UBM METHOD

Fig. 8. The TD-SV performance for various dimensions of PCA projected
augmented feature (MFCC+BN) of different systems on the m-part-01 task of
the RedDots database using GMM-UBM.

BN features obtain better performance compared to their stan-
dalone counterparts. This shows that BN features carry informa-
tion complementary to MFCCs when used for TD-SV. uTCL-
BN with clustering still gives the best performance followed by
PHN-BN3.

2) Feature-Level Fusion: Fig. 8 shows the TD-SV perfor-
mance (average EER over target-wrong, imposter-correct and
imposter-wrong cases) for various dimension of PCA projected
augmented feature (MFCC+BN) of different systems on the m-
part-01 task of the RedDots database using the GMM-UBM. It
is shown in [6] that simply augmenting features may degrade the
performance due to the redundancy between the features. PCA
is implemented as per [6]. From Fig. 8, it can be observed that
augmented feature +PCA gives slight reduction of average EER
except for the SPK-BN(300) with respect to the system without
PCA.

VII. CONCLUSIONS

In this paper, we presented a time-contrastive learning (TCL)
based bottleneck (BN) feature extraction method for the text-
dependent speaker verification (TD-SV). Specifically, a speech
utterance/signal is uniformly partitioned into a number of
segments of multiple frames (each corresponding to a class)
without using any label information and then a deep neural net-
work (DNN) is trained to discriminate speech frames among the
classes to exploit the temporal structure in the speech signal. In
addition, we proposed a segment-based clustering method that

iteratively regroups speech segments to maximize the likelihood
of all speech segments. It was experimentally shown that the
proposed TCL-BN feature with clustering gives better TD-SV
performance than Mel-frequency cepstral coefficients (MFCCs)
and existing BN feature extracted by discriminating speakers or
speakers and pass-phrases and it is further better than or on par
with phone-discriminant BN (PHN-BN) features that we inves-
tigated in this work. The clustering method is able to improve the
TD-SV performance for both TCL-BN and PHN-BN, except for
the type of PHN-BN that relies on forced-alignment to generate
transcriptions. All BN features are shown to be complementary
to MFCCs when score-level fusion is applied. Overall, the work
has shown the effectiveness of TCL approach for feature learn-
ing in the context of TD-SV and the usefulness of PHN-BN.
Future work includes the investigation of using TCL for text-
independent speaker verification.

REFERENCES

[1] A. Hyvarinen and H. Morioka, “Unsupervised feature extraction by time-
contrastive learning and nonlinear ICA,” in Proc. Neural Inf. Process. Syst.,
2016, pp. 3772–3780.

[2] G. Hinton et al., “Deep neural networks for acoustic modeling in speech
recognition,” IEEE Signal Process. Mag., vol. 29, no. 6, pp. 82–97, Nov.
2012.

[3] T. Fu, Y. Qian, Y. Liu, and K. Yu, “Tandem deep features for text-dependent
speaker verification,” in Proc. Interspeech, 2014, pp. 1327–1331.

[4] H. Yu, Z.-H. Tan, Z. Ma, and J. Guo, “Adversarial network bottleneck
features for noise robust speaker verification,” in Proc. Interspeech, 2017,
pp. 1492–1496.

[5] Y. Liu, Y. Qian, N. Chen, T. Fu, Y. Zhang, and K. Yu, “Deep feature for
text-dependent speaker verification,” Speech Commun., vol. 73, pp. 1–13,
2015.

[6] S. Ghalehjegh and R. Rose, “Deep bottleneck features for i-vector based
text-independent speaker verification,” in Proc. IEEE Workshop Autom.
Speech Recognit. Understanding, 2015, pp. 555–560.

[7] C.-T. Do, C. Barras, V.-B. Le, and A. K. Sarkar, “Augmenting short-
term cepstral features with long-term discriminative features for speaker
verification of telephone data,” in Proc. Interspeech, 2013, pp. 2484–2488.

[8] E. Variani, X. Lei, E. McDermott, I. Lopez-Moreno, and J. Gonzalez-
Dominguez, “Deep neural networks for small footprint text-dependent
speaker verification,” in Proc. IEEE Int. Conf. Acoust., Speech, Signal
Process., 2014, pp. 4080–4084.

[9] S. Yaman, J. Pelecanos, and R. Sarikaya, “Bottleneck features for speaker
recognition,” in Proc. Odyssey, 2012, pp. 105–108.

[10] D. A. Reynolds, T. F. Quatieri, and R. B. Dunn, “Speaker verification
using adapted gaussian mixture models,” Digit. Signal Process., vol. 10,
pp. 19–41, 2000.

[11] T. Kinnunen and H. Li, “An overview of text-independent speaker recog-
nition: From features to supervectors,” Speech Commun., vol. 52, no. 1,
pp. 12–40, 2010.

[12] A. K. Sarkar and Z.-H. Tan, “Incorporating pass-phrase dependent back-
ground models for text-dependent speaker verification,” Comput. Speech
Lang., vol. 47, pp. 259–271, 2018.



1278 IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 27, NO. 8, AUGUST 2019

[13] N. Dehak, P. Kenny, R. Dehak, P. Ouellet, and P. Dumouchel, “Front-end
factor analysis for speaker verification,” IEEE Trans. Audio, Speech, Lang.
Process., vol. 19, no. 4, pp. 788–798, May 2011.

[14] M. McLaren, Y. Lei, and L. Ferrer, “Advances in deep neural network ap-
proaches to speaker recognition,” in Proc. IEEE Int. Conf. Acoust., Speech,
Signal Process., 2015, pp. 4814–4818.

[15] N. Li, D. Tuo, D. Su, Z. Li, and D. Yu, “Deep discriminative embeddings for
duration robust speaker verification,” in Proc. Interspeech, 2018, pp. 2262–
2266. [Online]. Available: http://dx.doi.org/10.21437/Interspeech.2018-
1769

[16] D. Michelsanti and Z.-H. Tan, “Conditional generative adversarial net-
works for speech enhancement and noise-robust speaker verification,” in
Proc. Interspeech, 2017, pp. 2008–2012.

[17] S. E. Eskimez, P. Soufleris, Z. Duan, and W. Heinzelman, “Front-end
speech enhancement for commercial speaker verification systems,” Speech
Commun., vol. 99, pp. 101–113, 2018.

[18] Q. Wang, W. Rao, S. Sun, L. Xie, E. S. Chng, and H. Li, “Unsupervised
domain adaptation via domain adversarial training for speaker recogni-
tion,” in Proc. IEEE Int. Conf. Acoust., Speech, Signal Process., 2018,
pp. 4889–4893.

[19] E. Variani, X. Lei, E. McDermott, I. L. Moreno, and J. Gonzalez-
Dominguez, “Deep neural networks for small footprint text-dependent
speaker verification,” in Proc. IEEE Int. Conf. Acoust., Speech, Signal
Process., 2014, pp. 4052–4056.

[20] S. Zhang, Z. Chen, Y. Zhao, J. Li, and Y. Gong, “End-to-end attention
based text-dependent speaker verification,” in Proc. IEEE Spoken Lang.
Technol. Workshop, 2016, pp. 171–178.

[21] A. K. Sarkar, C. T. Do, V. B. Le, and C. Barras, “Combination of cepstral
and phonetically discriminative features for speaker verification,” IEEE
Signal Process. Lett., vol. 21, no. 9, pp. 1040–1044, Sep. 2014.

[22] Z. Shi, H. Lin, L. Liu, and R. Liu, “Latent factor analysis of deep bottle-
neck features for speaker verification with random digit strings,” in Proc.
Interspeech, 2018, pp. 1081–1085.

[23] S. Ranjan and J. H. Hansen, “Improved gender independent speaker recog-
nition using convolutional neural network based bottleneck features,” in
Proc. Interspeech, 2017, pp. 1009–1013.

[24] D. Harwath, A. Torralba, and J. Glass, “Unsupervised learning of spoken
language with visual context,” in Proc. Neural Inf. Process. Syst., 2016,
pp. 1858–1866.

[25] H. Chen, C. Leung, L. Xie, B. Ma, and H. Li, “Multilingual bottle-neck
feature learning from untranscribed speech,” in Proc. IEEE Workshop Au-
tom. Speech Recognit. Understanding, 2017, pp. 727–733.

[26] Y. Yuan, C.-C. Leung, L. Xie, H. Chen, B. Ma, and H. Li, “Extracting
bottleneck features and word-like pairs from untranscribed speech for fea-
ture representation,” in Proc. IEEE Workshop Autom. Speech Recognit.
Understanding, 2017, pp. 734–739.

[27] R. Li, S. H. R. Mallidi, L. Burget, O. Plchot, and N. Dehak, “Exploiting
hidden-layer responses of deep neural networks for language recognition,”
in Proc. Interspeech, 2016, pp. 3265–3269.

[28] R. Fer, P. Matejka, F. Grezl, O. Plchot, K. Vesely, and J. H. Cernocky,
“Multilingually trained bottleneck features in spoken language recogni-
tion,” Comput. Speech Lang., vol. 46, pp. 252–267, 2017.

[29] W. N. Hsu, Y. Zhang, and J. Glass, “Unsupervised learning of disentan-
gled and interpretable representations from sequential data,” in Proc. Adv.
Neural Inf. Process. Syst., 2017, pp. 1878–1889.

[30] D. P. Kingma and M. Welling, “Auto-encoding variational bayes,” in Proc.
2nd Int. Conf. Learn. Represent., 2013, arxiv.org/abs/1312.6114.

[31] I. Goodfellow et al., “Generative adversarial nets,” in Proc. Adv. Neural
Inf. Process. Syst., 2014, pp. 2672–2680.

[32] R. Goroshin, J. Bruna, J. Tompson, D. Eigen, and Y. LeCun, “Unsupervised
feature learning from temporal data,” in Proc. Int. Conf. Learn. Represent.
Workshop, 2015.

[33] H. Mobahi, R. Collobert, and J. Weston, “Deep learning from temporal
coherence in video,” in Proc. 26th Annu. Int. Conf. Mach. Learn, 2009,
pp. 737–744.

[34] C. Zhang, S. Bengio, M. Hardt, B. Recht, and O. Vinyals, “Understanding
deep learning requires rethinking generalization,” in Proc. 5th Int. Conf.
Learn. Represent., 2017.

[35] A. K. Sarkar and Z.-H. Tan, “Time-contrastive learning based DNN bot-
tleneck features for text-dependent speaker verification,” in Proc. NIPS
2017 Time Series Workshop, Long Beach, CA, USA, Dec. 8, 2017.

[36] W. Geng, J. Li, S. Zhang, X. Cai, and B. Xu, “Multilingual tandem bot-
tleneck feature for language identification,” in Proc. Interspeech, 2015,
pp. 413–417.

[37] K. A. Lee et al., “The reddots data collection for speaker recognition,” in
Proc. Interspeech, 2015, pp. 2996–3000.

[38] The reddots challenge: Towards characterizing speakers from short
utterances, 2016. [Online]. Available: https://sites.google.com/site/
thereddotsproject/reddots-challenge

[39] L. J. P. van der Maaten and G. E. Hinton, “Visualizing high-dimensional
data using t-SNE,” J. Mach. Learn. Res., vol. 9, pp. 2579–2605, 2008.

[40] S. B. Davis and P. Mermelstein, “Comparison of parametric represen-
tations for monosyllabic word recognition in continuously spoken sen-
tences,” IEEE Trans. Acoust., Speech, Signal Process., vol. ASSP-28, no. 4,
pp. 357–366, Aug. 1980.

[41] H. Hermansky, “Perceptual linear predictive (PLP) analysis of speech,” J.
Acoust. Soc. Amer., vol. 87, pp. 1738–1752, 1990.

[42] D. Yu et al., “An introduction to computational networks and the com-
putational network toolkit,” Microsoft, Redmond, WA, USA, Tech. Rep.
MSR-TR-2014–112, 2014.

[43] P. Schwarz, P. Matejka, and J. Cernocky, “Hierarchical structures of
neural networks for phoneme recognition,” in Proc. IEEE Int. Conf.
Acoust., Speech, Signal Process., 2006, pp. 325–328. [Online]. Available:
http://ieeexplore.ieee.org/document/1660023/

[44] A. Larcher, K. A. Lee, B. Ma, and H. Li, “Text-dependent speaker veri-
fication: Classifiers, databases and RSR2015,” Speech Commun., vol. 60,
pp. 56–77, 2014.

[45] H. Tang et al., “End-to-end neural segmental models for speech recogni-
tion,” IEEE J. Sel. Topics Signal Process., vol. 11, no. 8, pp. 1254–1264,
Dec. 2017.

[46] H. Tang, “Sequence prediction with neural segmental models,” Ph.D.
dissertation, Dept. Comput. Sci., Toyota Technological Inst. Chicago,
Chicago, IL, USA, 2017.

[47] J. S. Garofolo et al.TIMIT Acoustic-Phonetic Continuous Speech Corpus
LDC93S1. Philadelphia, PA, USA: Linguistic Data Consortium, 1993.

[48] H. Tang, W. Wang, K. Gimpel, and K. Livescu, “End-to-end training ap-
proaches for discriminative segmental models,” in Proc. IEEE Workshop
Autom. Speech Recognit. Understanding, 2016, pp. 496–502.

[49] J. MacQueen, “Some methods for classification and analysis of multivari-
ate observations,” in Proc. 5th Berkeley Symp. Math. Statist. Probability,
1967, vol. 1, pp. 281–297.

[50] A. Dempster, N. Laird, and D. Rubin, “Maximum likelihood from incom-
plete data via EM algorithm,” J. Roy. Statist. Soc., vol. 39, pp. 1–38, 1977.

[51] S. Young et al., The HTK Book. Cambridge, U.K.: Cambridge Univ. Press,
2006.

[52] H. Delgado et al., “Further optimisations of constant q cepstral processing
for integrated utterance and text-dependent speaker verification,” in Proc.
IEEE Spoken Lang. Technol. Workshop, 2016, pp. 179–185.

[53] P. M. Bousquet et al.,“Variance-spectra based normalization for i-vector
standard and probabilistic linear discriminant analysis,” in Proc. Odyssey
Speaker Lang. Recognit. Workshop, 2012, pp. 157–164.

[54] S. J. D. Prince, Computer Vision: Models Learning and Inference, 1 ed.
Cambridge, U.K.: Cambridge Univ. Press, 2012.

[55] M. Senoussaoui et al., “Mixture of PLDA models in i-vector space
for gender-independent speaker recognition,” in Proc. Interspeech, 2011,
pp. 25–28.

[56] A. Martin, G. Doddington, T. Kamm, M. Ordowskiand, and M. Przybocki,
“The DET curve in assessment of detection task performance,” in Proc.
Eur. Conf. Speech Commun. Technol., 1997, pp. 1895–1898.

Achintya Kumar Sarkar received the M.tech. de-
gree in instrumentation and control engineering from
Punjab Technical University, Kapurthala, India, in
2006, and the Ph.D. degree from the Indian Institute of
Technology Madras, Chennai, India, in 2011. From
2011 to 2017, he was a Research Fellow in several
laboratories: Laboratoire Informatique d’Avignon,
France, LIMSI-CNRS, France, Department of Elec-
trical and Electronic Engineering, University College
Cork, Ireland, and the Department of Electronic Sys-
tems, Aalborg University, Denmark. He is currently a

Faculty with the School of Electronics Engineering, VIT-AP University, Amar-
avati, India. His research interests include speech signal processing, biomedical
signal processing, speaker recognition, spoofing countermeasure, seizure detec-
tion, and application of machine learning in the above areas.

https://sites.google.com/site/thereddotsproject/reddots-challenge


SARKAR et al.: TCL BASED DEEP BN FEATURES FOR TD-SV 1279

Zheng-Hua Tan (M’00–SM’06) received the B.Sc.
and M.Sc. degrees in electrical engineering from Hu-
nan University, Changsha, China, in 1990 and 1996,
respectively, and the Ph.D. degree in electronic engi-
neering from Shanghai Jiao Tong University (SJTU),
Shanghai, China, in 1999.

He is a Professor with the Department of Elec-
tronic Systems and the Co-Head of the Centre for
Acoustic Signal Processing Research (CASPR) with
Aalborg University, Aalborg, Denmark. He was a Vis-
iting Scientist with the Computer Science and Arti-

ficial Intelligence Laboratory (CSAIL), Massachusetts Institute of Technology
(MIT), Cambridge, MA, USA, an Associate Professor with the Department of
Electronic Engineering, SJTU, Shanghai, China, and a Postdoctoral Fellow with
the Department of Computer Science, KAIST, Daejeon, South Korea. He has
authored/coauthored about 200 publications in refereed journals and conference
proceedings. His research interests include machine learning, deep learning,
pattern recognition, speech and speaker recognition, noise-robust speech pro-
cessing, multimodal signal processing, and social robotics. He is a member
of the IEEE Signal Processing Society Machine Learning for Signal Process-
ing Technical Committee (MLSP TC). He has served as an Editorial Board
Member/Associate Editor for Computer Speech and Language, Digital Signal
Processing, and Computers and Electrical Engineering. He was a Lead Guest
Editor for the IEEE JOURNAL OF SELECTED TOPICS IN SIGNAL PROCESSING and
a Guest Editor of several journals including Neurocomputing. He is the General
Chair for IEEE MLSP 2018 and was a Technical Program Co-Chair for IEEE
Workshop on Spoken Language Technology (SLT 2016).

Hao Tang received the B.S. and M.S. degrees from
National Taiwan University, Taipei, Taiwan, and the
Ph.D. degree from Toyota Technological Institute at
Chicago, Chicago, IL, USA, in 2017. He is a Post-
doctoral Associate with the Massachusetts Institute
of Technology, Cambridge, MA, USA. His research
focuses on machine learning and its application to
speech processing. His recent work includes segmen-
tal models, domain adaptation, end-to-end training,
and speech representation learning.

Suwon Shon received the B.S. and integrated Ph.D.
degrees in electrical engineering from Korea Univer-
sity, Seoul, South Korea, in 2010 and 2017, respec-
tively. In 2017, he joined Massachusetts Institute of
Technology, Cambridge, MA, USA, as a Postdoctoral
Associate with Computer Science and Artificial Intel-
ligence Laboratory. His current research interests in-
clude the areas of automatic speech/speaker recogni-
tion, language/dialect identification, and multi-modal
recognition.

James Glass (F’14) received the S.M. and Ph.D.
degrees in electrical engineering and computer sci-
ence from the Massachusetts Institute of Technology
(MIT), Cambridge, MA, USA. He is a Senior Re-
search Scientist with MIT where he leads the Spoken
Language Systems Group, Computer Science and Ar-
tificial Intelligence Laboratory. He is also a member
of the Harvard-MIT Health Sciences and Technol-
ogy Faculty. His research has focused on automatic
speech recognition, unsupervised speech processing,
and spoken language understanding. He is a fellow of

the International Speech Communication Association, and is currently an Asso-
ciate Editor for Computer, Speech, and Language, and the IEEE TRANSACTIONS

ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


