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Abstract
Utterances that are input from a distance are one of the ma-
jor causes of performance degradation in speaker verification
systems. In this study, we propose two frameworks for deep
speaker embedding enhancement and specifically focus on dis-
tant utterances. Both frameworks input speaker embeddings ex-
tracted from front-end systems, including deep neural network-
based systems, which widen the range of applications. We use
speaker embeddings that are extracted by inputting raw wave-
forms directly into a deep neural network. The first proposed
system, skip connection-based selective enhancement, adopts a
skip connection that directly connects the input embedding to
the output. This skip connection is multiplied by a value be-
tween 0 and 1, which is similar to the gate mechanism where
the value is concurrently determined by another small deep neu-
ral network. This approach allows the selective application of
enhancements, thus, when the input embedding is from a close-
talk, the skip connection would be more activated. On the other
hand, when embedding from a distance is input, the deep neural
network would be more activated. The second proposed system,
i.e., a selective enhancement discriminative auto-encoder, aims
to find a discriminative representation with an encoder–decoder
architecture. The hidden representation is divided into two sub-
spaces with the objective to gather speaker information into one
subspace by adding additional objective functions and letting
the other subspace contain subsidiary information (e.g., rever-
beration and noise). The effectiveness of both proposed frame-
works is evaluated using the VOiCES from a Distance Chal-
lenge evaluation set and demonstrates a 11.03 % and 15.97 %
relative error reduction, respectively, compared to the baseline,
which does not employ an explicit feature enhancement phase.

1. Introduction
Owing to the recent advances in deep learning across vari-
ous applications, deep neural networks (DNNs) are exhibiting
state-of-the-art performance in both text-dependent and text-
independent speaker verification (SV) [1–6]. Although re-
cent SV systems have shown reliable performance in clean
and close-talk scenarios, distant scenarios, which include var-
ious environmental factors (e.g., reverberation and background
noise), are known to degrade the performance [7, 8]. To ac-
celerate studies on SV in distant, noisy scenarios, the Voices
Obscured in Complex Environmental Settings (VOiCES) from
a Distance Challenge 2019 was held [9, 10]. The data used in
the VOiCES challenge was collected by re-recording the pre-
recorded utterances in Librispeech dataset [11] under various
realistic conditions (see Section 3 for details on VOiCES).
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A number of studies have proposed techniques in various
aspects to compensate for the performance degradation caused
by distant input speech [8, 12–14]. These studies have been
shown to be effective in distant utterance compensation. How-
ever, according to previous studies [15], the degradation of
close-talk utterance performance may occur when it is input
into the compensation system. Owing to this phenomenon, it
is difficult to use compensation methods directly in an environ-
ment in which utterances from various distances are input. In
addition, dependency exists that, when a new speaker embed-
ding extractor is proposed, corresponding studies for adequate
dereverberation and denoising should be performed.

To mitigate these issues, we propose two distant utterance
compensation systems that are independent of the front-end
speaker embedding extractor. Both systems selectively perform
feature enhancement, which includes reverberation and noise,
using a separate speaker embedding enhancement phase. In
this study, the authors propose speaker embedding enhancement
systems that fulfill the following three properties, and the third
property is related to practical issues:

• Both close-talk and distant utterances can be inputted
into the proposed system

• Proposed systems should exist independently of the
front-end speaker embedding systems

• Proposed systems should comprise a relatively simple ar-
chitecture that causes minimal overhead to the overall
SV process pipeline

The first proposed system is designed to selectively con-
duct enhancement according to the required extent of compen-
sation when speaker embedding is input. The intuition behind
this framework is that rather than dichotomously dividing a par-
ticular input utterance into a close-talk or distant utterance, it
would be better to determine whether there is relatively less
or more reverberation and noise and conduct compensation ac-
cordingly. We designed the proposed system to meet this rea-
soning by internally having a separate DNN to determine the
extent of skip connection activation, which is similar to the gate
mechanism. The second proposed system is based on the auto-
encoder framework. By dividing the hidden representation into
two subspaces, the system aims to separately extract speaker in-
formation included in embedding during encoding and decod-
ing. One subspace is targeted to contain clean speaker informa-
tion by applying additional objective functions to this hidden
layer, and the other subspace is targeted to contain subsidiary
information (e.g., reverberation and noise). The input features
for the two systems proposed in this study are the speaker em-
beddings that are directly extracted from the raw waveform by
the front-end speaker embedding extractor, which is used as a
baseline [4]. To evaluate the performance of the SV system, the

Odyssey 2020 The Speaker and Language Recognition Workshop
1-5 November 2020, Tokyo, Japan

171 10.21437/Odyssey.2020-25

http://www.isca-speech.org/archive/Odyssey_2020/abstracts/20.html


equal error rate (EER) was calculated using the cosine similar-
ity.

The rest of this paper is organized as follows. Section 2
provides a brief overview of previous studies on distant utter-
ance compensation. Section 3 provides details regarding the
VOiCES dataset, and Section 4 describes the front-end speaker
embedding system that was used as the baseline in this study.
In Section 5, we introduce two proposed frameworks. Experi-
ments and results are shown throughout Section 6 and the paper
is concluded.

2. Previous works
Compensation for distant utterances has been conducted in sev-
eral aspects in the process pipeline of SV, e.g., signal-level,
acoustic feature-level, and DNN-level. Some studies have con-
ducted the compensation of distant utterances at a signal level
such as the linear prediction inverse modulation transfer func-
tion and weighted prediction error [16, 17]. In [18], a variance-
normalized delayed linear prediction is proposed to determine
an optimal dereverberation filter and cancel out late reverbera-
tion without significant damage to the original speech. Wang
et. al. [19] have estimated the clean speech spectrum using a
power spectral subtraction algorithm to remove noise. In addi-
tion, Han et. al. [20] have constructed a spectral mapper that
converts noise and reverberation speech spectrogram into an
anechoic speech spectrogram. Some studies, on the other hand,
have concentrated on acoustic features that are robust to noise
and reverberation [21, 22].

Compensation can be also performed by extracting rever-
beration and noise-mitigated speaker embeddings while training
DNN [23] or by adopting techniques such as multi-task learn-
ing or knowledge distillation [15, 24]. In addition, distant ut-
terances are used as a training set to construct a system that
is robust to noise and reverberation. Data augmentation, which
generates new training samples by synthesizing noise and rever-
beration in the train set, can be also conducted using techniques
such as mix-up [25], spec augment [26], noise augment [27],
and label smoothing [28]. For the VOiCES 2019 challenge,
most participants focused on recent approaches such as learn-
able dictionary encoding [29], skip connection, and variants of
ResNet-based [30] deep architectures.

3. VOiCES dataset
The VOiCES dataset was collected by playing the Librispeech
[11] dataset through a loudspeaker and re-recording with array
mics at a various distance and acoustic conditions to facilitate
research on distant SV. Acoustic condition refers to four differ-
ent rooms, 12 or 20 mics, different angles, and distractors such
as TV, babble, and music. At its initial deployment, only devel-
opment and evaluation sets were released for the VOiCES from
a distance 2019 challenge, where the training set was a list of
public datasets under fixed conditions: VoxCeleb1&2 [31, 32]
and Speakers in the Wild (SITW) [33]). After the competition
has ended, the full VOiCES dataset with meta information was
released. In the full VOiCES dataset, there are 3, 904 source
(close-talk) utterances (recorded by 300 speakers) and 999, 424
distant utterances, and there are 256 distant utterances per each
source utterance. The challenge development set comprises a
part of distant utterances of 200 speakers, and the challenge
evaluation set comprises part of source and distant utterances
of the rest 100 speakers. Note that, herein, we refer to close-
talk utterances as a ‘source’ to avoid confusion with the naming

Figure 1: Illustration of the RawNet architecture. The number
of input samples is fixed in the train phase to construct mini-
batches. Numbers in the figure refer to the output shape with
the configuration of this study. In the test phase, on the other
hand, utterances with varying duration can be inputted where
the different number of frame-level features is aggregated into
a fixed dimensional utterance-level representation by a GRU.

protocol of the VOiCES dataset. Further details regarding the
VOiCES dataset are provided in [9, 10].

In this study, we organized three subsets, i.e., train, devel-
opment, and evaluation set. We composed the development and
evaluation sets using the VOiCES challenge dataset and part of
the full VOiCES dataset as the train set. The development and
evaluation sets are identical to those from the VOiCES chal-
lenge to make the comparison possible with previous studies,
which results in some overlap between the train and develop-
ment sets. The train set includes 2602 source (Librispeech) ut-
terances from 200 speakers and distant utterances simulated us-
ing these source utterances. This results in 600k+ utterances in
the train set. We excluded any utterances that belonged to one
of 100 speakers among the full VOiCES dataset (900k+ utter-
ances) to make sure that only unknown speakers existed in the
evaluation set1. It would be important to note that even though
the number of distant utterances in the train set is more than
600k+, the actual diversity may not be as diverse as it seems in
terms of providing variant data for training DNN. This occurs
because severe duplication in reverberation and noise exists;
recording two different source utterances in identical configura-
tion will yield two distant utterances with similar reverberation
and noise.

4. RawNet
Pre-processing methods before inputting an acoustic feature
into DNN are becoming streamlined with recent advances in
deep learning. When DNNs were first used to extract speaker
embeddings, Mel-frequency cepstral coefficients (MFCCs) and
log Mel-energy features were abundantly used [5]. These
acoustic features utilize human knowledge to emphasize more
discriminant features. Although these conventional acoustic
features are still widely used, many recent studies also explore
spectrograms and raw waveforms as input to DNN with the ex-
pectation that data-driven DNN can better extract discriminative
information without human priors. When spectrograms are pro-

1It is ideal to exclude only the utterances that overlap with the eval-
uation set; however, this cannot be done because the meta information
of utterances in the VOiCES challenge evaluation set is removed.
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cessed by convolutional neural networks (CNNs), the receptive
fields of CNN can consider only adjacent time and frequency
regions in layers that are close to the input layer. The recep-
tive field widens in deeper representations, close to the output
layer. On the other hand, when raw waveforms are processed
by CNNs, the aggregation of frequency responses across all
frequency bands can be extracted. In addition, the frequency
bands that aggregate are adaptive to the data and task, which is
thought to be advantageous when directly using the raw wave-
form [4, 34]. Among frameworks that utilize raw waveform as
an input, RawNet [4] is a recently proposed speaker embedding
extractor for SV.

RawNet adopts a convolutional neural network-gated recur-
rent unit (CNN-GRU) architecture. The CNN part is a vari-
ant of ResNet [30], which includes max pooling according to
[35] and extracts frame-level features from the raw waveform.
Then, GRU aggregates varying frame-level features into a sin-
gle utterance-level feature, which is independent of the duration
of an input utterance. The output of GRU at the last timestep is
connected to one fully-connected layer, which is used as the
speaker embedding. The output layer indicates speaker identi-
fication results that are identical to the d-vector [5] framework;
the output layer is removed after the training is complete. Figure
1 provides an overview of the RawNet system. In this study, we
used speaker embeddings extracted from RawNet for both base-
line and as input speaker embeddings for two proposed deep
speaker embeddings enhancement systems.

5. Deep speaker embedding enhancement
In this session, we introduce two proposed systems. Both sys-
tems can input source utterances as well as distant utterances
and are independent of the front-end speaker embedding ex-
traction system. The following two subsections describe two
systems for speaker embedding enhancement, respectively.

5.1. Skip connection-based selective enhancement (SCSE)

The first proposed system is referred to as skip connection-
based selective enhancement (SCSE), which comprises a DNN
that enhances speaker embedding (SEDNN), a skip connection,
and another small skip decision DNN that decides the extent of
activating the skip connection similar to the gate mechanism in
GRU (SDDNN). The overall illustration of this system is pro-
vided in Figure 2. SEDNN is a denoising auto-encoder and
SDDNN measures the extent of reverberation and noise residing
in an input speaker embedding to modulate the degree of com-
pensation by scaling the skip connection. A skip connection
connects the input speaker embedding directly to the enhanced
speaker embedding.

During the train phase, SEDNN is trained to minimize the
mean squared error (MSE) objective function between the input
and enhanced speaker embedding. When a source utterance x
is input, the target x′ is itself; when a distant utterance is input,
the target is the source utterance that was used to make the dis-
tant utterance. Binary cross-entropy (BCE) objective function
is used to train the SDDNN, where the binary label of 1 is given
for source utterance to make the skip connection fully working.
A binary label of 0 or 1 is multiplied by the input speaker em-
bedding instead of SDDNN’s output and added to the SEDNN’s
output.

In [36, 37], it has been reported that when compensation is
conducted in the speaker embedding space, compensation may
not be effective although the MSE value is very low. This phe-

Figure 2: Illustration of the proposed skip connection-based se-
lective enhancement system (Section 5.1). x and x′ refer to the
original and enhanced speaker embedding, respectively. Both
SDDNN and SEDNN are simple DNN comprising few fully-
connected layers.

nomenon is analyzed as a result of losing the discriminative
power of a speaker embedding by changing its values in a high-
dimensional, abstract embedding space. Leveraging this knowl-
edge, the last component of the proposed system is a speaker
identification layer where a categorical cross-entropy (CCE) ob-
jective function is used. This component is added with the per-
spective to maintain the discriminative power of the enhanced
speaker embedding. Hence, the final objective function used to
train the SCSE system is described as:

L = LMSE + LBCE + LCCE , (1)

where LMSE measures the reconstruction (dereverberation and
denoising of distant utterances) error, LBCE measures the dis-
tance detection error, and LCCE measures the speaker identifi-
cation error using the enhanced speaker embedding.

In the test phase, the speaker embedding x is input into
SEDNN and SDDNN. Skip connection that connects x and x′

is multiplied by the output of SDDNN with a sigmoid activa-
tion function, which is a real number between 0 and 1, and pro-
duces a scaled skip connection. Our intuition behind using the
sigmoid activation function rather than, for example, the step
function is because most input utterances cannot be decided di-
chotomously into source or distant. Enhanced speaker embed-
ding is derived by adding the output of SEDNN and scaled skip
connection. Using this scheme, in an ideal scenario, we expect
that the skip connection will be more activated to conduct en-
hancement less for utterances with less noise and reverberation,
and will be activated at its least to conduct more enhancement
in the opposite case.

5.2. Selective enhancement discriminative auto-encoder
(SEDA)

The second proposed system is referred to as selective enhance-
ment discriminative auto-encoder (SEDA), which adopts an
auto-encoder architecture that is composed of an encoder, de-
coder, and two parallel intermediate hidden layers (x′ and n in
Figure 3). Figure 3 illustrates the overall system. Speaker iden-
tification is conducted using the output to maintain discrimina-
tive power as in the previous subsection. x′ is used as the en-
hanced speaker embedding, and n is intended to contain noise
and reverberations.

The architectural design follows a discriminative auto-
encoder (DCAE) structure, which has been proposed to extract
x′ representation that reduced intra-class variance and increased
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Figure 3: Illustration of the proposed selective enhancement
discriminative auto-encoder system (Section 5.2). x and y re-
fer to the original speaker embedding and the reconstructed, re-
spectively. Both ENCODER and DECODER are a simple DNN
comprising few fully-connected layers. x′ and n refer to the
enhanced speaker embedding and residual information hidden
layer, respectively.

inter-class variance [38]. Inspired by DCAE, SEDA is config-
ured to collect reverberation and noise in n and to contain clean
speaker information in x′. To achieve this goal, four objective
functions are adopted to train the SEDA system: MSE, cen-
ter [39], internal dispersion [38], and CCE.

When training SEDA, the goal for y is reconstruction if the
input is a source utterance and denoising and dereverberation
into the source utterance of the identical condition when the
input is a distant utterance. We used the MSE loss to achieve
this goal which is described as:

LMSE =
1

N

N∑

i=1

α||yi − xsi||22,

α(·) =
{
256, if xi = source,

1, if xi = distance,

(2)

where yi and xsi represent the system’s output vector and
source embedding of sample i, respectively. N is the size of
mini-batch, α is a sample weight, and xi is the input embed-
ding. To match the unbalanced proportion between the number
of source utterances and distance utterances in the training set,
the sample weight of 256 and 1 is given according to the pro-
portion in the train set.

SEDA uses the intermediate hidden layer x′ as the en-
hanced speaker embedding, which is ideally noise-isolated,
rather than the reconstruction y. To separate the noise from the
embedding and improve the feature, additional objective func-
tions are applied to x′. By adopting these objective functions for
x′ only, we aim to minimize the intra-class variance and max-
imize the inter-class variance; n was configured to contain the
subsidiary information. We utilized center loss and internal dis-
persion loss. Center loss was presented to minimize intra-class
variance while the embedding feature remains discriminative.
To achieve this, the center loss function is used as

LC =
1

2

N∑

i=1

||x′i − cyi ||22, (3)

where x′i refers to the enhanced embedding of utterance i, and
cyi refers to the center of class yi.

The internal dispersion loss used in DCAE aims to maxi-
mize inter-class variance, which is given by

LID = − 1

N

N∑

i=1

||x′i −H||22, (4)

where H denotes the empirical mean vector of x′i.
The CCE objective function is also used as the objective

function to conduct speaker identification using the reconstruc-
tion y. The final objective function of the proposed SEDA sys-
tem can be described as:

L = LMSE + LCCE + γ(βLC + (1− β)LID) (5)

where γ is a hyper-parameter that scales objective function ap-
plied to x′, and β is a hyper-parameter that combines the objec-
tive function to reduce intra-class variance and increase inter-
class variance at an appropriate ratio.

6. Experiments & results
6.1. Experimental configuration

All experiments in this paper were conducted using PyTorch
[40], a deep learning toolkit written in Python. For the base-
line speaker embedding extractor and the first proposed speaker
embedding enhancement system, SCSE, the train set comprises
a part of the VOiCES (excluding all utterances by speakers
that coincide with those in the evaluation set), VoxCeleb1&2
datasets. The second proposed model, SEDA, was trained us-
ing the VOiCES dataset.

The baseline RawNet [4] system inputs raw waveform with
pre-emphasis applied. The duration is adjusted to 59, 049 sam-
ples (≈3.69 s) for mini-batch construction in the train phase.
Full duration without adjustment is used to extract speaker em-
beddings in the evaluation phase. The number of nodes in both
GRU and speaker embedding layers is adjusted to 1, 024 by
considering a larger training dataset. We also changed the ar-
chitecture of residual blocks in RawNet from the initial ResNet
[30] to identity mapping [41] with a max pooling according
to [35].

For the SCSE system introduced in Section 5.1, SEDNN
comprises three fully-connected layers with 1024 nodes. The
leaky rectified linear unit (ReLU) activation [42] follows all
fully-connected layers except the output layer. An output layer
of 7, 563 nodes, which indicates the number of speakers, is con-
nected to the enhanced speaker embedding, which is removed
after training. SDDNN comprises two hidden layers with 256
and 64 nodes, also followed by the leaky ReLU activation, and
an output layer with one node and a sigmoid activation function.
The weight parameters of SDDNN are trained only for the first
five epochs solely using the VOiCES dataset and are then fixed.
This is done this way because, for utterances in VoxCeleb1&2
datasets, we cannot provide labels to train SDDNN. It is worth
noting that in the first five epochs during the train phase, the
skip connection is multiplied by an explicit label 0 or 1 instead
of using SDDNN’s output. The skip connection is multiplied by
the output of SDDNN in the train phase after five epochs and in
the evaluation phase.

In SEDA, both encoder and decoder each comprise two
fully-connected layers, and the number of nodes in each layer
is 1, 024. Hyperbolic tangent is used as the activation function.
The number of nodes of x′ and n is 1, 024 and 256, respectively.

6.2. Baseline composition

The baseline system uses the RawNet architecture with two
modifications to fit data configurations of this study on the
basis of the internal experiments. First, we increased the di-
mensionality of the speaker embedding to 1, 024. Second,
we changed the number of the output layer’s node to 7, 563
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Table 1: Comparison of the baseline systems according to dif-
ferent configurations and previous studies. Systems with cita-
tion are reported performances from different papers. All per-
formances are from a single system without an ensemble or cal-
ibration.

System Input Front&Back-end EER
[44] MFCC x-vec/CSML 6.09
[45] MFBANK x-vec/PLDA 5.65
[46] MFCC ResNet/PLDA 6.18
ours-voi waveform RawNet/CosSim 9.98
ours-pretrn waveform RawNet/CosSim 10.50
ours-all waveform RawNet/CosSim 7.70

(1, 251 + 6, 112 + 200). Lastly, center and between-class [43]
objective functions were removed.

Table 1 describes few top performing teams’ single system
performances from the VOiCES challenge and our baseline sys-
tem with various configurations. Top three rows [44–46] de-
scribe the performance of the top three teams in the VOiCES
challenge, which are reported in single models. The evalua-
tion EER, which is based on the best performing EER, for the
development set is reported. These performances are provided
as a reference because direct comparison cannot be made ow-
ing to the difference in the input feature, train set configuration,
and back-end classifiers. The bottom three rows describe our
three baselines with different training configurations. ours-voi
describes the performance when using only the VOiCES dataset
for training. In ours-pretrn, we first trained the network using
VoxCeleb2 and then replaced only the output layer and con-
ducted fine-tuning with the VOiCES dataset. ours-all shows
the result of training all three datasets together.

The results show that among various configurations, train-
ing of all three datasets simultaneously provides the best per-
formance. In our analysis, a relatively high EER, despite sim-
ilar domain between train and evaluation in ours-voi, occurred
owing to the severe overlap between utterances in the VOiCES
train set. For example, the re-recording of ten source utterances
using the same acoustic configuration produces ten additional
utterances but does not provide the variations that result from
recording new utterances in ten different acoustic configura-
tions. Another phenomenon was also observed which is related
to the direct use of raw waveforms as an input to DNN in our
analysis. Different datasets have different amplitude where we
hypothesize that DNNs which input raw waveform directly are
more sensitive to amplitude differences. On the basis of com-
paring ours-pretrn and ours-all, we conclude that when an ad-
ditional dataset with different amplitude is given, it is better to
conduct training simultaneously rather than using one dataset
for pre-training. We used ours-all as the baseline in this study
because it demonstrates a reasonable performance without ad-
ditional back-end classifiers.

6.3. Skip connection-based selective enhancement

Table 2 addresses the performance of the proposed SCSE sys-
tem that was introduced in Section 5.1. Systems #1 through
#8 show the result of comparative experiments using different
optimizers [i.e., stochastic gradient descent (SGD) and Adam],
learning rates, and learning rate schedulers. In Lr Sc, iter refers
to the decay of the learning rate every iteration, and cos refers to
the cosine learning rate scheduling proposed in [47]. By com-
paring system #1 to #8, we conclude that the SCSE system is ef-

Table 2: Comparative experimental results of SCSE reported in
EER and relative error reduction (RER, %) using different batch
size (Bs), learning rate (Lr), learning rate scheduler (Lr Sc), and
optimizer (Optim).

Sys Bs Lr Lr Sc Optim EER RER
Base - - - - 7.70 0
#1 256 0.01 Iter SGD 7.18 6.75
#2 256 0.01 Cos SGD 6.85 11.03
#3 256 0.001 Iter SGD 7.28 5.46
#4 256 0.001 Cos SGD 7.26 5.71
#5 256 0.01 Iter Adam 7.67 0.38
#6 256 0.01 Cos Adam 7.37 4.41
#7 256 0.001 Iter Adam 7.07 8.18
#8 256 0.001 Cos Adam 7.24 5.97
#9 10000 0.01 Cos SGD 7.21 6.36
#10 10000 0.001 Iter Adam 9.00 0
#11 256 0.01 Cos SGD 8.30 -
#12 256 0.01 Cos SGD 7.00 9.09

fective in most cases, showing a relative error reduction (RER)
of 11.03 % in system #2. Systems #9 and #10 show the result of
expanding the size of mini-batch to 10000 from system #2 and
#7 on the basis of the successful result in Section 6.4, which
did not show further improvement in the case of the SCSE sys-
tem. The comparison of #2 and #11 shows the effectiveness
of using speaker identification with the enhanced embedding
addressed in Section 5.1. It is worth noting that for SCSE, re-
moving VoxCeleb1&2 datasets from the train set resulted in an
EER of 8.50 %, showing that using VoxCeleb1&2 datasets was
essential for the successful performance. In addition, when we
applied weights to the samples according to the source or dis-
tant, as described in (2), the SCSE system demonstrated an EER
of 7.00 %, which did not produce additional performance im-
provements.

6.4. Selective enhancement discriminative auto-encoder

Comparative experiments using the proposed SEDA system
were conducted to observe performance under various condi-
tions and to determine the optimal condition. The results are de-
scribed in Table 3. The train dataset of SEDA was the VOiCES
dataset without the addition of the VoxCeleb1&2 datasets based
on empirical experiments. The learning rate is set to 0.001, and
λ for the weight decay is set to 0.0001 when the Adam op-
timizer is used. If the optimizer is SGD, the learning rate is
set to 0.01, and we use the cosine learning rate scheduler. By
comparing systems #1 through #5 to #6 through #10, we empir-
ically determined that the use of Adam optimizer consistently
demonstrated better performance than when SGD was used. By
comparing systems #1 through #4, we conclude that there is no
significant difference in performance when changing γ and β.
Finally, systems #2 and #5 show that the use of a large mini-
batch size of 10, 000 improves the performance of SEDA.

6.5. Score normalization

Score normalization techniques are frequently employed in var-
ious acoustic mismatch conditions. Most of the participants
in the VOICES 2019 challenge also used score normalization
techniques such as zero score normalization (z-norm) [48], test
score normalization (t-norm) [49], and symmetric normaliza-
tion (s-norm) [50]. z-norm applies imposter score distribution
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Table 3: Comparative experimental results of SEDA reported
in EER and relative error reduction (RER %) using a different
optimizer (Optim), batch size (Bs), γ, and β.

Sys Optim Bs γ β EER RER
Base - - - - 7.70 0
#1 Adam 10000 0.001 0.2 6.49 15.71
#2 Adam 10000 0.001 0.8 6.47 15.97
#3 Adam 10000 0.0001 0.2 6.48 15.84
#4 Adam 10000 0.0001 0.8 6.48 15.84
#5 Adam 256 0.001 0.8 7.48 2.86
#6 SGD 10000 0.001 0.2 8.25 0
#7 SGD 10000 0.001 0.8 7.61 1.17
#8 SGD 10000 0.0001 0.2 7.72 0
#9 SGD 10000 0.0001 0.8 7.75 0
#10 SGD 256 0.0001 0.8 7.41 3.77

Table 4: Various score normalization techniques applied to the
baseline and top performing systems from the two proposed
frameworks.

System × z-norm t-norm s-norm
Baseline 7.70 7.30 7.83 7.31
SCSE 6.85 6.58 6.84 6.53
SEDA 6.47 6.31 6.90 6.41
Ensemble 6.36 6.19 6.61 6.41

to the enrollment data. In contrast to the z-norm, t-norm em-
ploys imposter score distribution for the test data. s-norm uses
the average of z-norm and t-norm.

We experimented the effectiveness of these techniques for
our baseline and for two proposed systems, SCSE and SEDA,
and report the results in Table 4. Bold font indicates the best
performance for each system. The results show that score nor-
malization consistently improved performance in most cases.
z-norm demonstrated the best performance in most cases in our
experiments. In addition, the score-sum ensemble of the two
proposed systems has been also explored. The results show that
the ensemble of two systems can lead to additional performance
improvement with an EER of 6.19 % for z-norm.

7. Conclusion
In this study, we addressed the need for the selective
speaker embedding enhancement independent from the front-
end speaker embedding extraction and proposed two systems to
conduct feature enhancement. Both proposed systems comprise
simple DNNs, and these systems can process not only distant ut-
terances but also close-talk (source) utterances. This approach
mitigates the issue of performance degradation when close-talk
utterances are input into the speaker embedding enhancement
system that is designed for distant utterances. Compared to the
baseline system, the two proposed systems (SCSE and SEDA)
demonstrated an RER of 11.03 % and 15.93 % respectively,
which showed the effectiveness in both close-talk and distant
utterances. Various score normalization techniques were also
explored and observed to be effective for mismatch conditions.
The score-level ensemble of two proposed systems could fur-
ther improve the performance. In our future work, we intend
to integrate two proposed systems into a single speaker embed-
ding enhancement system. Experiments using different front-
end speaker embedding extraction frameworks will be also con-

ducted.
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