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Abstract
Many recent studies in Speaker Verification (SV) have been fo-
cused on the design of the most appropriate training loss func-
tion, which plays an important role to improve the recognition
ability of the systems. However, the verification loss functions
created often do not take into account the performance measures
which are used for the final system evaluation. For this reason,
this paper presents an alternative approach to optimize the pa-
rameters of a neural network using a loss function based on the
log-likelihood-ratio cost function (CLLR). This function is an
application-independent metric that measures the cost of soft
detection decisions over all the operating points. Thus, prior
or relevance cost parameters assumptions are not employed to
obtain it. Moreover, this metric has a differentiable expression,
so no approximation is needed to use it as the objective loss
to train a neural network. CLLR function as optimization loss
was tested on the RSR2015-Part II database for text-dependent
speaker verification, providing competitive results without us-
ing score normalization and outperforming other similar loss
functions as Cross-Entropy combined with Ring Loss, as well
as our previous loss function based on an approximation of the
Detection Cost Function (DCF).
Index Terms: Speaker Verification, Loss Functions, Metric
Learning, aDCF, Cross-Entropy

1. Introduction
Biometric recognition systems are attracting a lot of research in-
terest since they have become a crucial part of day-to-day life,
e.g. face and speaker recognition systems. There are mainly
two tasks that can be performed by these systems: identifica-
tion and verification. In this study, we focus on speaker ver-
ification (SV) systems which are trained to provide a reliable
binary decision of whether two speech samples belong to the
same speaker or not. In order to make reliable decisions, SV
systems must obtain proper log-likelihood ratios (LLRs) and
compare them against a convenient threshold. The develop-
ment of a method able to convert the outputs of the system into
proper LLRs is usually known as calibration [1]. This process
takes into account parameters such as the prior probability of a
speech sample to belong to the legitimate speaker and the costs
of make wrong decisions to adjust a few parameters to meet
the requirements of the application. One of the main metrics
used to check whether this step has been correctly done is the
Detection Cost Function (DCF). Thus, in [2], we developed an
approximation of this function (aDCF) to train the SV system
directly with this final metric. However, aDCF has a drawback,
since it is an application-dependent metric. Therefore, in this
work, we propose the use of an alternative as objective loss
to train deep neural networks which is based on another veri-
fication metrics, the log-likelihood-ratio cost function (CLLR)
[1, 3]. The CLLR function is an application-independent evalu-

ation measure where no assumptions of prior or cost parameters
are needed.

State-of-the-art SV systems based on deep neural networks
are usually trained without considering their main goal which
is making a binary decision. However, in the last years, the
design of new loss functions has been widely investigated to
find the most suitable loss function to train deep learning sys-
tems. These efforts have been focused on two lines of study,
on one side, the redesign of the identification loss function, and
on the other side, the verification loss functions. The former is
composed of Cross-Entropy (CE) loss with softmax output units
[4, 5, 6] combined with a complementary loss such as Ring loss
(RL) [7] or Center loss [8], and other studies have been focused
on its variants such as Angular Softmax loss (A-Softmax) [9] or
Additive Angular Margin loss (ArcFace) [10]. While the latter
is based on metric learning approaches as triplet neural network
[11, 12], contrastive loss [13], partial AUC loss (pAUC) [14] or
NeuralPLDA [15].

In previous works [16, 2], we developed different loss func-
tions to address the issue of training the system using one of the
final evaluation metrics. The first one is aAUC loss function,
which is an approximation of the area under the ROC curve
combined with the triplet training philosophy. aAUC allows the
optimization of the whole system performance during the train-
ing process and improves the final results. However, the use
of a triplet strategy involves high computational cost and slows
down the training process. While the second approach devel-
oped is aDCF loss function which is an approximation inspired
by the Detection Cost Function (DCF). This function is based
on the measure of the decision errors in verification systems.
Unlike aAUC approach, aDCF loss function is trained follow-
ing the philosophy of the existing multi-class loss function, so
it is more efficient than the triplet training strategy. Despite its
efficiency, this loss function has a drawback since it needs some
prior and cost parameters assumptions to be used as objective
loss function. Furthermore, we had to make an approximation
of the real DCF metric to train a neural network.

In this paper, we propose a new objective loss function for
training neural networks as an alternative to our previous aDCF
loss function to substitute the classical identification losses.
This function is based on the log-likelihood-ratio cost func-
tion (CLLR), which measures the overall quality of the scores
for making soft decisions using the expected costs. Moreover,
the CLLR function has a differentiable expression, so we do
not have to approximate it as in the case of the DCF func-
tion. Therefore, training with the CLLR function as objective
loss allows the end-to-end system to learn how to minimize the
expected costs by obtaining good scores. Preliminary results
outperform all the alternative loss function evaluated in text-
dependent SV task: CE, CE combined with RL, A-Softmax,
and aDCF.

The remainder of this paper is laid out as follows. Section
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2 provides a review of existing loss functions. In Section 3, we
describe the proposal. The architecture employed to develop
the system is explained in Section 4. Section 5 describes the
experimental setup. Finally, Section 6 presents and discusses
results and Section 7 concludes the paper.

2. Loss Functions
For the success of neural networks training, the chosen loss
function has an important role since a suitable loss function can
improve the discrimination ability of the SV systems. In this
section, we describe some of the most extended state-of-the-art
loss function and our previous alternative loss function.

2.1. Cross-Entropy Loss

Based on deep learning approaches, the main loss function has
been traditionally the Cross-Entropy (CE) loss [4, 5, 6]. This
function has been widely employed to solve the multi-class
classification. CE loss can be defined as,

LCE = − 1

m

m∑
i

log
exp (WT

yi · xi + byi)
N∑
j

exp (WT
j · xi + bj)

, (1)

where xi is the input sample with i ∈ {1, ...,m} and m is the
number of samples, yi is the class label, W is the weight matrix,
b indicates the bias value, Wyi and Wj are the yi and j column
of W with j ∈ {1, ..., N} and N is the total number of classes.

The CE loss improves the posterior probability of the train-
ing samples, which is not the best approach to achieve general-
ization in the representations learned.

2.2. Ring Loss

To improve the generalization in the representations, one alter-
native is to combine CE loss with a complementary loss such as
Ring loss [7]. Using this loss, the system learns how to force the
embedding norms to be close to the unit circle, which increases
the generalization in the representation since all the vectors have
similar module and different angles are used to represent the
data. The Ring loss is formulated as,

LR =
λ

2m

m∑
i

(||xi||2 −R), (2)

where R is the target norm value, usually 1, λ is the loss
weight, xi is the input sample of the penultimate layer with
i ∈ {1, ...,m} and m is the number of samples.

2.3. Angular Softmax Loss

Many recent studies have pointed out the need to define new CE
variants to address the lack of feature discrimination. Thus, an-
other interesting approach to solve the generalization problems
was to introduce a redesign of the CE loss. This loss function
is known as Angular Softmax, or A-Softmax loss [9] which in-
troduces an angular margin to learn angular discriminative em-
beddings.

LANG = − 1
m

∑m
i log

exp (||xi||ψ(θyi,i))

exp (||xi||ψ(θyi,i))+

N∑
j �=yi

exp (||xi||cos(θyi,j))
, (3)

where ψ(θyi,i) is the angle function which is a monotonic func-
tion defined as,

ψ(θyi,i) = (−1)kcos(mθyi,i)− 2k, (4)

with θyi,i ∈ [ kπ
m
, (k+1)π

m
], k ∈ [0,m− 1], and m is an integer

to control the angular margin.

2.4. aDCF Loss

Previous approaches have proved to be effective improving
some recognition tasks. However, as we showed in [16] with
aAUC, metrics related to the final verification measures increase
the system performance. For this reason, we developed an ap-
proximation of the Detection Cost Function (aDCF) [2], which
is inspired by DCF [17] and was chosen since it is one of the
main metrics in the evaluation process for SV tasks. In addi-
tion, the implementation of this loss function allows us to keep
the efficiency and speed of the multi-class training by interpret-
ing the outputs of the final linear layer as scores of a verification
task. With this approach, we seek to minimize the false alarm
probability and the miss probability following the approximated
loss function defined by,

aDCF (θ,Ω) = γ · P̂fa(θ,Ω) + β · P̂miss(θ,Ω), (5)

where γ and β are adjustable parameters to provide more cost

relevance to one of the terms over the other, and P̂fa and P̂miss

can be written as,

P̂fa(θ,Ω) =

∑
yi∈ynon

σα(sθ(xi, yi)− Ω)

Nnon
, (6)

P̂miss(θ,Ω) =

∑
yi∈ytar

σα(Ω− sθ(xi, yi))

Ntar
, (7)

where sθ(xi, yi) is the score obtained from the last layer of the
neural network, Ω is the decision threshold, Ntar is the number
of target speakers, Nnon are the non-target speakers, σα() is the
sigmoid function and is defined as,

σα(s) =
1

1 + exp(−α · s) , (8)

where α is an adjustable parameter.
With aDCF, we developed a loss function related to the final

measurement used in speaker verification. However, this loss
function is designed to address the minimization of the decision
errors as a function of a single threshold and the cost relevance
parameters since it is an application-dependent metric. Thus,
using aDCF, the system is trained to meet the requirements of a
specific application.

3. CLLR Function
Motivated by the fact that aDCF is a good choice to train the
verification systems, but it has the drawback of the fixed oper-
ating point, this paper presents a loss function for SV systems
based on CLLR [1]. This loss function is a generalization of the
previous aDCF since CLLR is formulated as an integral over all
possible operating points of DCF. Besides, it is also related to
another widely employed graph representation which is known
as the Detection Error Trade-off (DET). DET curve is a rep-
resentation of what happens whether the decision threshold is
swept across its whole range, so CLLR can be viewed as a sum-
mary of the accuracy obtained over the whole DET curve. The
integral of CLLR is defined as,

CLLR =

∫
Ω

DCF (Ω) dΩ, (9)

where Ω are the overall spectrum of operating points to integrate
over them.
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This integral expression is not differentiable, so it can not
be employed to train a neural network. However, in [1], an
analytical closed-form expression was presented to solve this
integral, so we do not need to make any approximation as we did
with DCF. Using this expression, we can introduce it directly in
the neural network as objective loss to optimize. CLLR defined
with this differentiable solution measures a sum of the expected
log costs of target examples (Ctar) and the expected log costs
of non-target examples (Cnon). Ctar is defined by the sum
of the cost for each target example where whether the system
assigns it correctly a high score for the target hypothesis, the
cost will be low. While Cnon is determined by the sum of the
cost for each non-target example where this cost will be low
whether the assigned score is low.

Ctar(θ) =
∑

yi∈ytar

log(1 + exp(−sθ(xi, yi))), (10)

Cnon(θ) =
∑

yi∈ynon

log(1 + exp(sθ(xi, yi))), (11)

where sθ(xi, yi) is the score obtained from the last layer of the
neural network. Furthermore, in the implementation used in our
system, we have introduced a τ parameter to divide the scores
which is known as temperature scaling parameter [18].

Combining the previous expressions, we propose to mini-
mize as objective loss the CLLR function defined as,

CLLR(θ) =
1

2 log 2

(
Ctar(θ)

Nnon
+

Cnon(θ)

Ntar

)
, (12)

where Ntar is the number of target speakers, and Nnon are
the non-target speakers. Using this expression, we can apply
it directly to our system without any other assumption. As in
our previous work [2], the optimization is performed iteratively
by computing the CLLR for each minibatch and updating the
model. Each minibacth is interpreted as a verification evalua-
tion where the outputs of the last linear layer are interpreted as
scores. Therefore, using the class labels, we define the target
and nontarget scores.

In addition, note that CLLR function can be also interpreted
as a measure of loss of information [3] since a CLLR value close
to 0 represents that good scores have been obtained. Therefore,
this means that these scores store a large amount of informa-
tion which allows reducing the uncertainty about the speaker
hypothesis to accept or reject one speaker. While whether a
CLLR value close to 1 is obtained, there is a great loss of infor-
mation, so the error rate is similar to the reference detector.

4. System Description
In this section, we briefly present the system architecture used
in this work for text-dependent SV which is depicted in Fig.1
[19]. The backbone is composed of two Residual Network (RN)
blocks with three layers each block. Furthermore, this architec-
ture needs positional information [20] for the self-attention lay-
ers to provide good performance. Instead of using temporal po-
sitional information as many language modelling applications,
we use the output of a phonetic classifier bottleneck [21, 22].
We concatenate this information before each RN block.

For the pooling part, two multi-head attention layers with
two memory layers are alternated. Since we use a concatena-
tion of multi-head self-attention layers, it is equivalent to the

Figure 1: Architecture for RN, SelfAttention and Memory layers
network, composed of a backbone, a pooling and a embedding
extraction.

encoder part of a transformer, which can be seen analogously
as an alignment method that allows assigning embeddings to
several categories. This approach has been found useful for
text-dependent tasks [23, 24]. Furthermore, the use of memory
layers has also been proved helpful since these layers are able to
store the knowledge obtained for the network during the train-
ing process. In addition, with the integration of the phoneme
embeddings in the backbone part, the performance of the atten-
tion mechanism improves since the phoneme embeddings help
to guide to the attention mask.

5. Experimental Setup
5.1. Data

For the experiments, we reported the results on the RSR2015
text-dependent speaker verification database [25]. It consists
of speech samples from 157 males and 143 females. For each
speaker, there are 9 sessions pronouncing 30 different phrases.
The corpus is divided into three speaker subset: background
(bkg), development (dev), and evaluation (eval). In this work,
we develop our experiments with Part II, which is based on short
control commands with a strong overlap of lexical content, and
we employ only the bkg data for training. The eval data is used
for enrollment and trial evaluation.

5.2. Experimental Description

To develop our experiments, 20 dimensions Mel-Frequency
Cepstral Coefficients (MFCC) stacked with their first and sec-
ond derivates are used as input to train the architecture. More-
over, we have extracted phonetic embeddings of 256 dimen-
sions from a phonetic classifier network which are employed
as positional information. Unlike our previous works, for these
experiments, we have trained a single deep neural network ar-
chitecture with all the phrases of the database instead of one
model for each phrase. Motivated by the fact that we need to
use more data to successfully train an architecture with a self-
attention mechanism.

In this paper, a set of experiments was carried out to eval-
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uate the new loss function proposed. We compare the system
trained using some of the state-of-the-art loss functions with the
proposed CLLR function. Once these systems are trained, we
have evaluated them using only a cosine similarity without any
score normalization technique or calibration step to show the ef-
fectiveness of the scores obtained by training with the different
loss functions.

6. Results
Table 1 presents Equal Error Rate (EER), NIST 2008 (DCF08
[26]) and 2010 minimum detection costs (DCF10 [27]), and
minimum cost of log-likelihood-ratio value (CLLR) [3] for the
mentioned loss functions. Observing these results, we can con-
clude that the proposed CLLR function achieves the best results
within the three metrics. Thus, we have checked that using this
loss function to train the SV system, we have improved the qual-
ity of the scores for all the operating points since apart from the
improvement of minCLLR, this system achieves the best results
in the operating points where EER and DCF are evaluated. Ad-
ditionally to the previous metrics, in the last two rows of the
table, we present the relative improvement achieved comparing
the system with CLLR with CE+RL and aDCF systems. These
comparatives allow us to remark the fact that training with a
loss function oriented to the goal task improves significantly
the whole system performance.

Table 1: Experimental results on RSR2015 Part II [25] eval
set, showing EER%, NIST 2008 and 2010 min costs (DCF08,
DCF10), and min CLLR. These results were obtained to com-
pare the approach proposed with different loss functions.

Female
Loss Function EER DCF08 DCF10 CLLR

CE 5.87 0.286 0.740 0.214
CE+RL 4.64 0.228 0.669 0.171

A-Softmax 4.99 0.251 0.703 0.189
aDCF 4.20 0.201 0.660 0.158
CLLR 3.64 0.170 0.532 0.139

CLLR vs CE+RL (%) 21.55 25.43 20.47 18.71
CLLR vs aDCF (%) 13.33 15.42 19.39 12.02

(a) Female results

Male
Loss Function EER DCF08 DCF10 CLLR

CE 6.37 0.304 0.803 0.236
CE+RL 4.92 0.244 0.712 0.184

A-Softmax 6.44 0.309 0.777 0.239
aDCF 4.90 0.232 0.668 0.182
CLLR 4.07 0.200 0.588 0.157

CLLR vs CE+RL (%) 17.27 18.03 17.41 14.67
CLLR vs aDCF (%) 16.94 13.79 11.97 13.73

(b) Male results

Female+Male
Loss Function EER DCF08 DCF10 CLLR

CE 6.22 0.302 0.784 0.229
CE+RL 4.79 0.237 0.706 0.179

A-Softmax 5.79 0.283 0.746 0.217
aDCF 4.64 0.226 0.677 0.175
CLLR 3.96 0.189 0.567 0.151

CLLR vs CE+RL (%) 17.32 20.25 19.68 15.64
CLLR vs aDCF (%) 14.65 16.37 16.25 13.71

(c) Female+Male results

Moreover, note that these performances have been obtained
training a single model with all the phrases and without apply-
ing score normalization. Therefore, it shows that SV systems
trained with one of the final verification metrics produce good
scores to achieve promising results without the need for normal-
ization.

In addition to the previous table, Fig.2 depicts DET curves
which represent the decision errors sweeping the threshold over
all the operating points. These curves show the results for fe-
male+male experiments. Note that these representations clearly
demonstrate that DET curve obtained with CLLR system shows
better results in all the operating points while the DET of aDCF
system only outperforms the DET curve of CE+RL system in
some points. This fact can be motivated by the assumption of
the selected parameters to train with aDCF the system. Further-
more, in this work, we can observe the difficulties to adjust the
A-Softmax loss training parameters to achieve good results.
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Figure 2: DET curves for female+male results using the differ-
ent loss functions evaluated.

7. Conclusions
In this paper, we have presented a new loss function based on
optimizing the quality of the scores over all the operating points.
This CLLR function is an alternative to our aDCF loss func-
tion to replace the traditional identification loss functions as CE
loss without the need of making prior or cost assumptions, and
also we have not made any approximation of the real metric.
Moreover, the use of CLLR allows the system to learn how to
reduce the expected log costs of target and non-target exam-
ples. The evaluation was carried out in the text-dependent SV
database RSR2015-part II. Results confirm that the SV systems
trained with specific verification metrics are a good choice to
improve the generalization of the learned representations. This
is an interesting line of research where there is still some details
to exploit the information that this application-independent loss
function can give us.
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