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ARTICLE INFO ABSTRACT

Keywords: For modern automatic speaker verification (ASV) systems, explicitly quantifying the confidence
Speaker verification for each prediction strengthens the system’s reliability by indicating in which case the system
PLDA

is with trust. However, current paradigms do not take this into consideration. We thus propose
to express confidence in the prediction by quantifying the uncertainty in ASV predictions. This
is achieved by developing a novel Bayesian framework to obtain a score distribution for each
input. The mean of the distribution is used to derive the decision while the spread of the
distribution represents the uncertainty arising from the plausible choices of the model parame-
ters. To capture the plausible choices, we sample the probabilistic linear discriminant analysis
(PLDA) back-end model posterior through Hamiltonian Monte-Carlo (HMC) and approximate
the embedding model posterior through stochastic Langevin dynamics (SGLD) and Bayes-by-
backprop. Given the resulting score distribution, a further quantification and decomposition
of the prediction uncertainty are achieved by calculating the score variance, entropy, and
mutual information. The quantified uncertainties include the aleatoric uncertainty and epistemic
uncertainty (model uncertainty). We evaluate them by observing how they change while
varying the amount of training speech, the duration, and the noise level of testing speech. The
experiments indicate that the behaviour of those quantified uncertainties reflects the changes
we made to the training and testing data, demonstrating the validity of the proposed method
as a measure of uncertainty.

Uncertainty

Hamiltonian Monte-Carlo

Stochastic gradient Langevin dynamics
Bayes-by-backprop

1. Introduction

Automatic speaker verification (ASV) systems have been the focus of research for decades and have reached the state of being
deployed commercially as part of identity authentication systems (Lee et al., 2013; Naika, 2018). Given a test utterance and a
claimed identity, modern ASV systems compute a score that represents the similarity between the speech embeddings of that test
utterance and an enrolled one. The decision to accept or reject the claim is then made by comparing this score to an appropriate
threshold.

Current speaker verification answers ‘“what is the likelihood that the input should be accepted/rejected”. With state-of-the-art
structures, the system can well discriminate different speakers and thus achieve low error rates over test datasets. The typical cases
of acceptance and rejection are shown in @) and @ in Fig. 1. However, while considering various interfering factors including
background noises, short duration, channel distortions etc. (as in Fig. 1 ), the performance of ASV degrades severely (Fan et al.,
2020). Obtaining high-quality speaker embeddings under different conditions has been one of the major tasks in current research.
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Fig. 1. ASV makes decisions in different conditions.

The endeavour to achieve this leads to successful modern ASV structures (Dehak et al., 2010; Snyder et al., 2018; Desplanques et al.,
2020; Liu et al., 2023, 2024).

However, another research question also refers to the mentioned problem yet receives less attention, that is, “how confident
can a system be with its decisions?” which is only partially answered by obtaining the likelihoods or posterior probabilities of
acceptances/rejections. Current ASV tends to reject when conditions deteriorate such as a, b, ¢ in 2), demonstrating its safety, but
the real-world application requires making distinction between those cases since different responses need to be made for them.
For example, in the scenario of unlocking a smartphone, frequently rejecting an authentic speaker will lead to bad user experience
and thus the ASV needs to encourage the user to provide more convincing inputs, while in safety-demanding cases like accessing a
banking system, ASV should be able to alert when there is an inappropriate access.

Conceptually, “speech samples recorded under bad acoustic conditions” (cases in (@) of Fig. 1) and “intrinsically dissimilar
speakers” (case (3 of Fig. 1) are in fact different situations. However, the current system might assign the same likelihoods of
rejection for both and so, the system cannot decide which action should be taken. In addition, the traditional measure of confidence
simply reuses what is being predicted (Campbell et al., 2005) or simply provides an overall assessment for the system like EER or
min-DCF (Briimmer and Du Preez, 2006), which are also unable to show the difference between @ and (3). The underlying reason
for this inability is that the prediction made by the current system cannot express ‘“how likely” and “how confident” separately at
the same time — they are conflated in a single score, as demonstrated in other machine learning systems in domains such as image
classification and text-based sentiment analysis (Sato et al., 2018; Sheikholeslami et al., 2020).

Thus, to better address the problem of confidence, we consider quantifying the prediction uncertainty (uncertainty of the
prediction) of the ASV system. There are numerous sources of uncertainty in ASV systems to influence their predictions, including
aleatoric (irreducible) and epistemic (theoretically reducible) uncertainty (Senge et al., 2014; Vogt and Sridharan, 2008). Quantifying
them can inform the decision of whether to trust the output of an ASV system or if additional data is needed before a confident
decision can be made. It provides a view from the aspect of knowledge level (perceived by model), i.e., the ASV can show “what/how
much knowledge the ASV decision is based on?”. For example, the uncertainty level is low when in () 3 and thus the decisions
can be trusted, while in @), the system shows high uncertainty so the predicted score may not be suitable for deriving the final
decision. Taking a step further, in high uncertainty cases, by exploring which component (aleatoric or epistemic) is the dominating
one, the system will also show the reason why there is such high uncertainty. For cases a, b in @ of Fig. 1, there might be high
levels of aleatoric uncertainty since it is difficult to capture speaker information under noisy conditions, whereas in c, there might
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Fig. 2. The brief pipeline of a modern ASV.

be a high level of epistemic uncertainty since the information amount is limited due to the short length of the speech. Thus, if the
uncertainty in ASV predictions can be quantified and decomposed, the system will be more valid for application purposes.

In this work, our primary objective is to extend the ASV such that it can continuously show its confidence level during operational
stages. To achieve this, we propose to quantify uncertainty from the model’s view showing how differently the model might perceive
the input under various conditions. Our approach involves enumerating a set of plausible models trained from the same data and
assessing the divergence in their predictions for the same input. We built a novel Bayesian framework to sample the model parameter
space to get that set of models and used mutual information to measure the disagreement between possible predictions. This contrasts
with the traditional system which only calculates a single similarity score and derives decisions based on it, since our framework
results in multiple models and a score distribution. Aleatoric uncertainty is an inherent component of model prediction. Therefore,
the mean of the score distribution is considered an estimation of aleatoric uncertainty whose accuracy benefits from averaging.
Meanwhile, the spread of the distribution signifies the model uncertainty (epistemic). The framework achieves the dual purpose of
expressing prediction and its confidence simultaneously. In detail, we build and evaluate our framework around the well-established
x-vector PLDA system. The effectiveness of our approach is demonstrated by showing how the quantified uncertainties change in
response to the varying speech variability in test utterances. Our work highlights that the quantified uncertainty shows the conditions
of the test input, such as its length and the noise level, and they can be distinguished by checking if the dominant uncertainty is
aleatoric or epistemic.

2. Background
2.1. Uncertainty arising from model parameters

In our work, we include the uncertainty from different model parameters into a novel Bayesian framework and quantify different
uncertainties under it. To describe our framework, we illustrate the brief pipeline of modern ASV in Fig. 2

In the development stage, model parameters ¢ and ¢ are trained using datasets D and D, respectively. During the test phase,
the output similarity score z is calculated for the speech pair U formed by finding a reference utterance u,,, for the input u,,,
in consideration of the claimed speaker identity s, i.e., U = {u,y,u,.}. In the case when the model parameters ¢ and 6 have
uncertainty in their selections, the score z should also show uncertainty and we thus describe possible values for z using a distribution
(conditioned on existing knowledge in training data D, and D,) denoted by:

p(ZIU,D,,s,Dg):/ </p(ZIU,0,¢)p(9ID9,¢)d9> (| Dy)d (€Y

where p(¢|D,) is the model posterior of the embedding model; p(6] Dy, ¢) is the model posterior of the scoring model. Notably, 6 is
usually conditioned on knowing ¢ because D, is obtained by forward passing D, through ¢. In practice, uncertainty in p(z|U", Dy, Dy)
is usually neglected since a point estimation for p(z|U", Dy, Dy) is used in current ASV systems for computational simplicity. In this
work, we explore the uncertainty in this distribution.

Existing systems only use point estimation in place of p(z|U", D, Dy) by obtaining one sample of p(¢|D,) and p(0| Dy, ¢). This
makes for computationally efficient implementations but ignores the uncertainty reflected in these distributions. Our Bayesian
framework includes such uncertainty and uses it to predict how much confidence there is in each system prediction. In addition to
the Bayesian framework, bootstrapping (Tibshirani and Efron, 1993), and conformal prediction (Angelopoulos and Bates, 2021) also
study uncertainty in a similar way but the former fails to formulate model parameter space precisely and the latter only considers
possible predictions.

2.2. Related work

Early research in the ASV field has identified speech variabilities as major sources of uncertainty and developed methods to
address them (Mandasari et al., 2012; Kheder et al., 2015; Athulya and Sathidevi, 2017). Many efforts also have been made to
address “uncertainty” problems such as domain mismatch or spoofing (Zhang et al., 2023; Chen et al., 2021; Siislii et al., 2021). The
primary target of existing research is achieving higher accuracy, only taking uncertainty as data variation that degrades the system
performance. The approaches mainly focus on either combating the uncertainties or incorporating them with extended models.
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However, few of them provide a view of uncertainties from the model’s perspective. There is also limited work in quantifying
uncertainty as a standalone indicator showing the level of confidence presented by the model.

Existing works on ASV uncertainties can be broadly categorised into those that focus on the embedding procedure, and those
that focus on the backend scoring. A number of approaches that fall in the first category assume the embedding p(x|u) is Gaussian
and seek to incorporate its parameters into a point estimate of the embedding vector (Kuzmin et al., 2022; Briimmer et al., 2018;
Ribas and Vincent, 2019) or propagate it to an appropriate backend which can then incorporate it into scoring (Cumani et al., 2014;
Stafylakis et al., 2013). Other related approaches include the use of Bayesian x-vectors (Li et al., 2020), which explore the uncertainty
in p(¢|D,) by applying Bayes-by-backprop (Blundell et al., 2015) to the first convolutional layers of the classic x-vector embedding
network, combined with Bayesian model average (Fragoso et al., 2018) to improve the generalisability of the embedding. Finally,
the recently presented Xi-vectors (Lee et al., 2021) improve speaker embedding, by incorporating frame-level data uncertainty into
network training.

The focus of methods that fall in the second category is on backend model uncertainty. These include the Bayesian PLDA and
a number of variants and improvements that utilise the information about the spread of p(f|Dy). (Villalba and Briimmer, 2011)
uses variational inference to approximate p(6|D,) and tries to marginalise it out when calculating the loglikelihood ratio. Another
work provides analytical procedures for the Bayesian estimation of PLDA (Borgstrom, 2021), which is assisted by coordinate ascent
variational inference, CAVI (Blei et al., 2017). The method results in a point estimation for p(6|D,), which maintains high accuracy
under the fuzzy label condition in training data D,.

Our work is fundamentally different from the mentioned ones since our proposed novel framework uses exact sampling of p(6| D)
and approximations to p(¢|D,) to quantitatively estimate uncertainties in the context of ASV systems. Instead of making the system
robust against speech variabilities, we view uncertainty from the model and seek alignment between quantified uncertainties and
the severity of speech variabilities in the input. The work mainly focuses on exploring the uncertainty possibly originating from
problems such as speech variabilities or insufficient modelling, rather than improving the system accuracy by addressing those
specific problems.

3. The proposed scheme

We propose a novel approach that replaces the single score used in the existing ASV paradigm with a distribution of scores,
as shown in Fig. 3. Such distribution simultaneously provides similar information and confidence in the prediction. To obtain this
score distribution, we apply sampling techniques to the components of the ASV system.

In the existing ASV shown in Fig. 3(a), the decision-making is based on a point estimation of the score. The deviation between
the score and a threshold reflects the decision confidence. In contrast, as shown in Fig. 3(b), the involvement of model uncertainty
results in a distribution of scores. The sharpness of the score distribution serves as the indicator of the confidence relating to the
similarity score and the subsequent decision based on it. Notably, the quantified uncertainty is an auxiliary output and does not
change the score calculation and the hard decision (acceptance/rejection).

ASV systems are usually not end-to-end since the back-end model is dependent on the embedding model. As usually in existing
ASV systems, the embedding network f,(-) is initially trained as a classifier to discriminate a set of speakers in dataset D.
Subsequently, the back-end PLDA model f,(-) is trained using the embeddings D, extracted from D, using f,, i.e., Dy = f4(Dgy).
Therefore, we propose a hierarchical Bayesian framework to organise different model posterior distributions and calculate score
distribution based on them, as shown in Fig. 4:

By realising the framework in Fig. 4, the score distribution p(z|V, D, Dy) we defined in Eq. (1) can be obtained. In Fig. 4, both
p(¢|Dy) and p(6]| Dy, $) need to be approximated by existing Bayesian learning techniques such as variational inference (such as
Bayes-by-backprop) (Blundell et al., 2015), Markov chain Monte-Carlo (MCMC) (Brooks et al., 2011), stochastic gradient Markov
chain Monte-Carlo (SGMCMC) (Nemeth and Fearnhead, 2021), Monte-Carlo dropout (MCDP) (Gal and Ghahramani, 2016), etc.
However, implementing the whole scheme requires substantial computational resources since the calculation of score distribution
for a single input requires parallelling hundreds of models. In this work, we therefore only explore the effects when either p(¢|D,) or
p(0] Dy, ¢) is marginalised, retaining another as a reliable point estimation. Thus, p(z|V", Dy, Dy) is approximated using the following
equations:

PG|V, Dy, Do) =~ / PG|V, 5,0, p)p(@| Dy)d 2

or
PG|V, Dy, Dy) ~ / PV 5,0.$)p(O| Dy. $)d0 ®)

where 0 is the point estimation for PLDA model parameters conditioned on knowing embedding model ¢, and ¢ is the point
estimation for embedding network parameters.

We interpret the uncertainty included in the score distribution using either score variance or mutual information. Both metrics
reflect the variation among possible predictions and the level of agreement on them. To present these metrics which show uncertainty
originating from a plausible set of models (epistemic), we use the notation U,, for them. The quantification by variance is simply
given by:

Uy (V) =Var(z) (€))
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Fig. 3. The proposed scheme to quantify the uncertainties in ASV predictions.

To quantify uncertainty by mutual information, the scores need to be turned into probabilities of acceptance and rejection. This
is still an open question discussed in score calibration works (Cumani, 2020). Here, based on the definition of loglikelihood ratio
score given by the PLDA back-end, we use a simple shifted sigmoid function for the conversion:

- 1 e?
p= [Paccept’ Preject] = [1 + 6_5 ’ 1+ e_,;:| (5)

where § = z — A, the deviation between score z and the threshold A. Finally, the mutual information between prediction and model
parameters 1(p; 0|U") is calculated using the procedure as proposed by Malinin and Gales (2018):

Uy@W) =H [Ep(&«ﬁ\Dd,) [pIv.0. ‘1’]] = Eyopin, [H [PIV.0.9]] Q)
N—— N )

epistemic uncertainty

total uncertainty Uy aleatoric uncertainty U,

where the total uncertainty U, for input x is given by the entropy (denoted by H in Eq. (6)) of the prediction mean and the
aleatoric component U 4 is given by the averaged entropies of all predictions. Finally, U,, is used as a quantification for the epistemic
component reflecting the degree of conflict between the predictions. According to information theory (Reza, 1994), the unit of Uy,
U, and U, is Nat when the base of the logarithm in the entropy calculation is the natural constant e.

The decomposition of uncertainty (originally by Depeweg et al. (2017)) described in Eq. (6) can be further explained with an
illustration shown in Fig. 5, which presents the case when such technique is applied to a simple binary classification task over 2-D
space [—10, 10]2.

In Fig. 5, we can clearly see the aleatoric component signifies the overlapping region between two classes of training samples
while the epistemic component is more significant in areas where less training data is available. The intuition is that more training
data better constrains the model, resulting in more similar predictions.
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Fig. 4. Hierarchical framework to calculate score distribution: there are two model posterior distributions included: the one for embedding model p(¢|D,) and
the one for PLDA p(¢|D,). The embedding model p(¢|D,) can be approximated (sampled) using Bayesian learning, while p(f|D,) requires marginalising variable
¢ by having multiple posterior distributions with each one also being sampled using Bayesian learning. In this work, we evaluate p(¢|D,) approximated by
stochastic gradient Markov chain Monte-Carlo (SGMCMC) or a Gaussian distribution provided by variational inference, and p(6|D,) approximated by Markov
chain Monte-Carlo (MCMC). The resulting multiple models finally provide a score distribution reflecting the uncertainty, which achieves our scheme described
in Fig. 3.

4. Bayesian learning for ASV components

In this section, we present the formulation of model posterior distributions and describe the techniques we employ for sampling
from them as the basic procedures to obtain score distribution.

4.1. Bayesian learning for generative Gaussian PLDA model

Gaussian PLDA model is a widely used parametric model which describes a two-step Gaussian generative process. It is used as
the default back-end scoring model in ASV, which is applied after the embedding process. Due to its well-structured parameters,
getting exact samples from PLDA model posterior, denoted as p(6| D), can be achieved by employing the Hamiltonian Monte-Carlo
(HMC) algorithm (Betancourt, 2017).

4.1.1. Formulation of the PLDA posterior distribution
The prerequisite step of applying sampling techniques to the PLDA model is to formulate its model posterior distribution.
According to the Bayes rule, the log density of the posterior distribution of PLDA parameters 6 can be written as:

In(p(8]Dy)) = Z + In(p(Dy|0)) + In(p(6)) @

where, Z denotes the normalising constant, and 6 denotes the PLDA model parameters which includes a global centre: m, between
class covariance matrix @y, and with-in class covariance matrix ®.,. By offsetting the data by the global mean m, the parameter set
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In this binary classification task, a simple neu-
ral network model is trained to distinguish two
clouds of samples (red and green ones). The
heatmap represents the level of Entropy-based un-
certainty at each position in the 2-D space. Under
the Bayesian framework as presented in Eq.6, the
o1 model provides uncertain predictions when the in-
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Fig. 5. Decomposition of the total uncertainty into aleatoric and epistemic ones: Total uncertainty (a) = Aleatoric uncertainty (b) + Epistemic uncertainty (c). The
high aleatoric uncertainty (i.e., known-unknown) represents the overlapping region between two classes and high epistemic uncertainty (i.e., unknown-unknown)

represents regions where less training samples are provided. (The colour represents uncertainties)

is reduced to only the covariance matrices. i.e., 6 = {®y,, ®,,}. D, represents the training data which consists of K speakers with

each one providing C speaker embeddings:

Dy = {x(l) D@ @ (KK

(K)
L Xy e XXy X Xy X )

In Eq. (9), Gaussian PLDA log-likelihood function is known according to loffe (2006):

In(p(D,|0)) = const. — §{1n(<1>,, + %@w)}+
(@, + 1 8,)718p) + (c = DIn|®,, | +c - 1r(B!Sy)}

®

©)]

where 1r is the trace calculation; S, and S, are the within-class and between-class scatter matrices, given by:

1 . .
Sw = 2 200 = moe = m)T
ki

10
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S = g = m)(m, = m)” an
k

In Egs. (10) and (11), x® denotes the ith sample in class k; m, denotes the centre of class k. Finally, to obtain the model prior,
p(0) = p(Pp,)p(P,), we assume Wishart distributions for ®, and ®,,, which are usually used as priors for positive-definite matrices.

Py, ~ Wishart(vy, Sp/vy), ®,, ~ Wishart(v,, Sp/v,) (12)

where v, and v, are the degrees of freedom deciding the sharpness of those Wishart distributions.

4.1.2. Sampling the PLDA posterior distribution using HMC

To sample the posterior, p(f|Dy) as illustrated in Fig. 4, Hamiltonian Monte-Carlo (HMC) is chosen because it explores the
exact posterior fast and is used as the ground truth when compared to others (Yao et al., 2019). HMC creates a chain of
states, i.e. {6,.0,,0,,...0,_,,0,..}, as a realisation of sampling. This requires building a transition p(6;|6,_;) which is obtained by
period-by-period simulating a reversible physical process defined by Hamiltonian Dynamics:

99 _ ar-1
{ o _ ilﬂp (13
ot dq

where p is the momentum periodically generated from a diagonal multi-variate Gaussian distribution, and M is the mass matrix set
to identity matrix I. We set the potential energy function U(6) in HMC to —In(p(6|Dy)), i.e., the negative log-density, and the kinetic
energy function to K(p) = % p" M~'p. Then, the Hamiltonian total energy function is H(0, p) = U(0) + K(p). We used the Leapfrog
algorithm (Betancourt, 2017) (parameterised by step number / and step size ¢) as the discretisation of Hamiltonian dynamics to
propose a new state (6,, p;) depending on the previous (6,_;, p,_;). The proposed state was accepted with the Metropolis—-Hastings(MH)
ratio (Chib and Greenberg, 1995), in this case, it is exp (H ©,,p)— H (9,,1,p,,1)) to ensure there is no energy loss during each
simulation. Finally, this process results in a chain of states, and some are selected as the output. In the HMC algorithm, it strictly
ensures an exact sampling of p(6|D,) due to the inclusion of the MH ratio. For the detailed algorithm, refer to Appendix A

4.2. Sampling the model posterior of embedding neural network

X-vector embedding vectors are extracted by a time-delay neural network (TDNN). The training of this network requires
propagating millions of speech samples through it until it learns to discriminate thousands of speakers. In theory, its model posterior
can still be exactly sampled using MCMC. However, the computational resource required is prohibitively large in this case, because
while following the sampling process in 4.2.2, accurately proposing a new state from its previous requires calculating the full
gradient based on the entire dataset. Thus, alternative methods that only require stochastic gradient estimates should be explored
in this case.

4.2.1. Posterior distribution and stochastic gradient for neural network

We begin by formulating the posterior distribution for the embedding model. Consider the training data D,, for x-vector
embedding model f,(-) we assume a prior distribution for ¢ in the form of diagonal multivariate Gaussian distribution, p(¢) =
N (0, ag - I), where ¢, is the standard deviation of the Gaussian distribution, and I is the identity matrix. Let x® be the ith sample
in Dy with Np samples in total. Then the likelihood function can be expressed as p(D|¢) Hﬁ[l’ p(x?D|¢). Consequently, the
log-posterior is given by:

Np
In(p(@l Dg)) = const. + 3 in [p(xV|$)] + In[p()] a4

i=1
The full gradient of the log-posterior can also be given:

Np
Vin(p(@|Dy) = Y Vin [p?|$)] + Vin ()] (15)
i=1

Since N, can be as large as millions, sampling p(¢|D,,) using Vin(p(¢|D,)) is not realistic. Thus, we turn to the stochastic gradient
method. It uses an n-sample mini-batch of x to estimate the full gradient instead of exactly calculating it. The estimation to
Vin(p(¢| D)) is formulated as:

Np < ,
Vin(p($|Dy)) ~ 7" > Vin[px?|¢)] + Vin[p(@)] (16)
i=1

Popular Bayesian learning methods using such stochastic gradient (as in (16)) include stochastic gradient Hamiltonian Monte-Carlo
(SGHMC) (Chen et al., 2014), stochastic gradient Langevin dynamics (SGLD) (Welling and Teh, 2011), Bayes-by-backprop etc. In
our work, we use SGLD due to its simplicity in calculation. Additionally, Bayes-by-backprop is also applied in comparison with
SGLD, showing the effect of using different techniques in the framework. Notably, although the calculation is simplified with the
mentioned methods, SGHMC and SGLD cannot perform exact sampling of the posterior, and Bayes-by-backprop only provides a
rough estimation for one mode of p(Dy|¢).



M. Jing et al.

Table 1
Different settings to quantify predictive uncertainty in ASV.
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Settings Embedding network PLDA back-end

Baseline Point estimation by SGD Point estimation

Setting 1 Point estimation by SGD Ensemble by Bayesian PLDA

Setting 2 Ensemble by SGLD Multiple point estimations

Setting 3 Ensemble by Bayes-by-backprop Multiple point estimations
with early stopping

Setting 4 Ensemble by Bayes-by-backprop Multiple point estimations

with sufficient training

4.2.2. Bayesian learning for TDNN using SGLD
When using SGLD, like the vanilla stochastic gradient descent (SGD), the model parameter ¢ is iteratively updated by:

g [ Np —

b = <TD > Vin [pGilg)] + Vin [p<¢,>]) +o (7)
i=1

where v, ~ N'(0,¢,1) is the injected Gaussian randomness which encourages the state ¢, to explore the posterior landscape; ¢, is the

learning rate which satisfies >, &, = c0; ¥, €2 < oo to ensure the convergence of the algorithm. But in practice, ¢, is set to a small

constant value. Finally, after training, a sub-sequence of {¢), 1, $,,... ¢;....} is used as the samples from p(¢|D).

4.2.3. Bayesian learning for TDNN using Bayes-by-backprop

Bayes-by-backprop is another widely used method for approximating the model posterior. It assumes a variational Gaussian
distribution ¢(¢; ¢,) (parameterised by ¢,) as an approximation to p(¢|D,). An estimation to parameter ¢, can be inferred by
minimising the reverse KL-divergence between p(¢|D,) and q(¢; @,):

¢, = argmin L. where L = KL [q(:,) || p@1Dy)] (18)
q

where ¢, = {y,,p,}; 1, denotes the mean of the assumed Gaussian distribution and p, is the reparametrised standard deviation
(aq =In (1 + e”q)) of the assumed Gaussian distribution.

We optimise the KL-divergence in Eq. (18) stochastically by randomly extracting one model from q(¢; ¢,) and updating ¢,
based on the gradients calculated. We assume e is a standard normal variable, then one sample from ¢(¢; ¢,) can be expressed by
D=y, +In (14 e”) - e. By choosing a small value « as the learning rate, @, can be updated by SGD using the following formula:

o _ .. oln (p(@|D,))

Ay = —a- = 19

M=% G, 0o (19)
oL 1 1 oln(p(®|Dy))

Ap = —q- — = —q - . 20

A PR e (ln(1+e”4) te oD (20)

In Eq. (19) and (20), term d/n(p(®@|D,))/d@ is estimated by first choosing minibatch as in Eq. (16) and then executing backpropa-
gation. After iterating the update procedure, g(¢; ¢,) can be taken as an approximation to the true posterior p(¢|D).

5. Experiment setups

The proposed approach to quantifying uncertainties in ASV was implemented as depicted in Fig. 6. Following Egs. (2) and (3)
in Section 3, we established two schemes by integrating either PLDA model posterior (Fig. 6(a)) or embedding model posterior
(Fig. 6(b)) into x-vector ASV paradigm. The involvement of Bayesian learning results in multiple repeats of ASV systems with
each one having “TDNN-PLDA-threshold” pattern. In the schemes depicted in Fig. 6, the threshold in each repeat is dedicated and
is determined by suiting the evaluation set for an optimal EER. For a single test instance, each threshold is used to convert the
according score into probabilities using the shifted sigmoid function described in Eq. (5).

The estimated uncertainties may vary depending on factors such as which component of the system is sampled, the methods used
for sampling, or the extent of Bayesian learning executed. Thus, we conducted several sets of experiments to evaluate the validity
of the approach. We consider 4 settings developed around the baseline, as detailed in Table 1:

We expect reductions in the quantified uncertainties when more appropriate data (more sufficient and less variability) is available
and vice versa. Thus, under settings 1~4, we altered the duration of the utterances, or added noise to them to ascertain whether
the estimated uncertainty reflects these changes to conditions. Under each condition, we calculated error rates, score variance,
total predictive uncertainty Uy, expected data uncertainty U, (aleatoric), predictive model uncertainty U,, (epistemic) to show the
change. Specifically, we used unaltered utterances for training and enrolment but varied the duration (achieved by truncation) or
noise levels (by adding noise) of the test utterances and estimated uncertainties for them. In these experiments, the system learned
from clean and long utterances but was tested using “bad” inputs with “reduced/false knowledge”. To show the averaged behaviour,
we calculated the sum of uncertainty over all instances in the test dataset (i.e., Y. Var(z), > Uy, X U, and Y U,,).

Another consideration is about the choice for threshold because it directly influences the uncertainty calculation. Under settings
1~4, we considered two options: under the original baseline conditions, finding the threshold when EER is achieved and fixed its
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(a) This scheme exploits the sampling of PLDA model posterior. It is an implementation of
Eq.3 in Section 3. The embedding network is the same as the one used as the baseline.
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(b) This scheme exploits the sampling of the TDNN model posterior. It is an implementation
of Eq.2 in Section 3. Several TDNN nets were obtained by Bayesian learning and each backend
PLDA was trained using one of TDNNs in the ensemble. This means having N working ASVs
simultaneously.

Fig. 6. An overview of the proposed methods to quantify ASV predictive uncertainties. In the test phase, model uncertainty for each input was estimated from
the output score distributions. Score variance and entropy-based uncertainties U, = H[E[p]], U, = E[H[p]] and U,, (mutual information) were calculated.

value for subsequent tests; or else allowing the threshold to be changed to achieve EER over the test set under different conditions.
The former indicates the case when ASV operates without being informed of the unknown condition while the latter indicates the
case when ASV is informed of the condition change and is allowed to recalibrate itself with labelled test samples. The former is
better associated with the real application scenario but suffers from miscalibration. The latter might provide better estimations of
the uncertainty due to higher level of calibration, but it involves quantifying uncertainty by foreknowing the information of the
unknown, which is not ideal in logic.

Specifically, under Setting 1, whether the quantified epistemic uncertainty behaves with the quality of the training data signifies
if sampling the exact posterior is successful or not. To test this, we ran our quantification scheme depicted Fig. 6(a) several times
using varying amounts of data for D,. The amount was controlled by the number of samples per class or the number of classes in
the training dataset.

10
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All the detailed setups regarding the baseline ASV system training, Bayesian learning for PLDA and TDNN, and the protocols for
introducing duration and noise changes will be outlined in Section 5.1~5.4:

5.1. Training baseline x-vector system on Voxcelebl dataset

We trained and evaluated the ASV system using the Voxcelebl dataset (Nagrani et al., 2020) which contains short speech
utterances in two partitions, one for development and one for test. The development partition has 148642 utterances of 1211
speakers, and the test partition has 4874 utterances of 40 speakers. To evaluate our scheme, we used 37720 enrol-test pairs selected
from the test partition according to the list’ List of trial pairs - VoxCeleb1’.

We used x-vectors as the speaker embedding system prior to scoring. To train x-vector embedding model, we pre-processed the
training utterances by extracting 24-dimensional MFCCs from them after a simple energy-based voice activity detector. MFCCs were
then normalised over a sliding window of 1.5 s long. In commonly adopted settings, those normalised MFCCs should be randomly
resampled such that each speaker had 3700~5000 MFCC matrices with each one 2~8s long. However, in this work, to stable the
gradient and let the setup be more suitable for Bayesian learning, we fixed the length of the MFCC matrices to 3 s only. We omitted
data augmentation to assess how ASV performs when test utterance contains speech variability rather than letting the ASV learn
how to eliminate the impact of speech variabilities during training.

To optimise the TDNN model parameters, we used the ADAM optimiser with a learning rate of 5x 10~> and batch size of 100. The
network was trained for 8~10 epochs and x-vectors were extracted for all labelled speech in the development set. After extraction,
the dimension of the x-vectors was reduced by LDA (linear discriminant analysis) from 512 to 200. Finally, those x-vectors with
reduced dimensions were used to train a point estimation of PLDA which served as the back end. It was trained using the EM
(expectation maximisation) algorithm (Ding, 2018) for 25 epochs.

5.2. Details for HMC sampling (Bayesian inference/learning)

To generate the PLDA model ensemble (refer Fig. 6(a)) we employed HMC sampling. We initialised with a random state and
then ran 200 iterations with a step number of 5 and a step size of 0.001. To alleviate the effect of bad geometry on the posterior
distribution, we used the delayed rejection HMC (DRHMC) (Modi et al., 2023) which allowed using of two different step sizes
simultaneously in the Leapfrog algorithm. The step reduction factor for DRHMC was 5. During the sampling stage, we adjusted the
step number to 60~100 depending on the situation and set the step size to 0.01. DRHMC ran for 1500 iterations until convergence.
Finally, we selected the ending 1000 states as the sampled PLDA models. The sampling process produces 2 chains alternately and
took 3~7 h.

To check the convergence (ergodicity of the chains), we used the produced 2 chains to calculate the potential scale reduction
statistics (Gelman and Rubin, 1992) (known as R) with an optimised splitting scheme (Vehtari et al., 2021). The recommended
criterion is typically R — 1 > 0.01 for a single parameter. In our experiment, we used a looser criterion of 0.1 for all the 40200
parameters. For evaluation efficiency, we refined the 1000-sample ensemble to 100-sample by random sampling. This adjustment
kept convergence and provided stable quantified uncertainties.

5.3. Details for TDNN training using SGLD and Bayes-by-backprop

We created an ensemble of TDNN (refer Fig. 6(b)) by using either SGLD or Bayes-by-backprop methods. For both methods, we
set a sharp prior p(¢) = N'(0,0.01 - I) to reduce the difficulty in inference. For the SGLD method, we kept using the training setup
in Section 5.1 but replaced the ADAM optimiser using the update scheme in Eq. (17). The learning rate was fixed to 5 x 1075. We
trained the network from scratch for more than 20 epochs and in each epoch, the parameters were regularly recorded. The networks
in the TDNN ensemble were chosen from the last 20 networks saved during training.

For Bayes-by-backprop, we performed full inference for all the parameters of TDNN. However, updates described in Eq. (19) and
(20) do not provide efficient improvements in the early stage of training. Thus, we followed the scheme used in (Izmailov et al.,
2021). The centre u, was initialised using the parameters of the baseline directly, and as for p,, we initialised it to —5.0. This enables
the assumed Gaussian distribution to be centred at a proper point estimation in the beginning. In the subsequent training, it could
gradually find how to spread and move itself to fit one mode of the TDNN model posterior. We continue using the training setups
in Section 5.1 and further train the baseline using Eq. (19) and (20) to update the parameters for extra 10 epochs. The learning
rate for y, was 0.0001 and the one for p, was 0.001. After training, the TDNN models in posterior can be directly sampled from
the variational Gaussian distribution N (ugs (In(1 + efa))?).

5.4. Varying length and adding noise to test utterances

As previously mentioned, we evaluate the uncertainties by varying one speech variability. We chose the duration and the noise
level of test utterances as two different factors that influence the uncertainty.

One straightforward way to change the duration of the test utterance is by extracting a consistent segment from it. We set the
length of the segment to one of {10%, 20%, ...100%} of the original duration and applied this extraction to all utterances in the test
set. This process created 10 test sets with varying amounts of speech information. Notably, most of the test utterances in Voxcelebl
are between 2~8 s long. Therefore, in the extreme case of 10%, the shortened utterances had lengths ranging from 0.2~0.8 s.

11
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Fig. 7a. part 1: Subplots (a) (b) and (c) indicate that EER increases as shorter or noisier utterances are used as the test input. These plots were obtained as the
system adjusted its threshold to fit the duration/noise changes.
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Fig. 7b. Part 2: Subplots (d) (e) and (f) indicate that FRR decreases as shorter or noisier utterances are used as the test input, showing the security of the
current system. This happens when the threshold is set fixed regardless of the duration and noise change in the test input.
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Fig. 7c. Part 3: Subplots (g) shows that the average score variance increases as the input becomes shorter, while (h) and (i) shows that there is no significant
change in score variance (being always close to 1.0) when the noise level of the input varies. This indicates that models tend to provide dispersive scores
regarding shortened test inputs.

To vary the noise level, we added noise to either the entire utterance or a portion of it. These two methods represent two
different scenarios: one simulates utterances collected in a consistently noisy environment, while the other simulates utterances
disrupted by sudden noise signals. In this work, the process of adding noise is similar to data augmentation as described by Snyder
et al. (2018), but with modifications to suit our task. First, the noise signals were selected only from the free noise partition in the
MUSAN dataset (Snyder et al., 2015), and the utterances to be noised were from the Voxcelebl test partition (including all the test
utterances listed in Voxceleb1-O.txt on the Voxceleb official website: ).

Secondly, when adding noise to the entire test speech utterance, we created seven new evaluation sets by choosing SNR from
the set:{—20 dB, —10 dB, -5 dB, 0 dB, 5 dB, 10 dB, 20 dB}. Finally, when only a portion of the utterance is noised, we created
nine evaluation sets by randomly adding noise to a segment of the original waveform, with that segment length chosen from {10%,
20%, 30%, ...90%]} of the original length.

5.5. Evaluating uncertainties by sorting test utterance durations

Besides manually varying the noise level and the duration of the test input, there is also another interesting setting that can
evaluate the quantified uncertainties. In this setting, we fix the length of the enrolled utterance and observe how the quantified
uncertainties change over the original duration of the test utterance. To achieve this, we first modified the test data by fixing the
length of each enrolled reference to 4 s, and then, plot the uncertainties over the test utterance length. In detail, from the Voxceleb-O
test list, we selected test pairs whose enrolled utterance lengths are over 4 sec and truncated those enrolled utterances to 4 s For
all the selected pairs, we measured the lengths of their test utterances and created a histogram to show how those lengths were
distributed. In the last step, in each bin of the histogram we calculated the averaged score variance or the averaged entropy-based
uncertainties (Ur, U4 and U,,;) and plot them on top of the histogram. The graph provides how those uncertainties change over
increasing input duration. If those uncertainties are well aligned with the input duration, there should be monotonic decreasing
trends. Notably, in the entropy-based uncertainty calculation, the thresholds were not allowed to fit the modified test data since we
treat this experiment as a variant of conditions.
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Fig. 7d. Part 4: In subplots (j) (k) and (1), it can be clearly seen that the model uncertainty (epistemic) corresponds to the change of duration since it decreases
when longer utterances are used, while the expected data uncertainty (aleatoric) corresponds to the noise level in test utterances. The higher the noise level, the
larger the aleatoric uncertainty there is. Compared to (j) (h) and (i), the model uncertainty quantified by mutual information weakly correlates to the overall
EER in this case since the calculation includes the deviation between the score and the threshold. These plots are generated in the condition that the threshold
is allowed to adapt to the changes in the test data.
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Fig. 7e. Part 5: In subplots (m) (n) and (o), the behaviour of model uncertainty (epistemic) and expected data uncertainty (aleatoric) is similar to that in (j)
(k) and (1). However, the change in quantified model uncertainty is less significant. This is because these subplots are obtained without adjusting the threshold,
and thus the uncertainty does not effectively reflect the duration and noise level in extreme cases.

6. Results and discussions
In this section, we present the representative results obtained by running schemes described in Figs. 6(a) and 6(b).
6.1. The effect caused by the amount of training data

More training data better constrains the model and thus the lower model uncertainty there is. We check this for the PLDA
model (under setting 1 in Table 1) to justify that the quantified values (epistemic uncertainty) truly represent the state of “lack of
knowledge”. We varied the number of training speakers or utterances per speaker as shown in Table 2. and calculated the sum of
quantified epistemic uncertainty for all test instances in the dataset (} Uj,).

Table 2 shows that the overall model uncertainty decreases significantly when more training data is provided. The EER, however,
only changes slightly. While the reduction in model uncertainty (with more training data) is in itself not surprising, the results
clearly indicate that the estimated model uncertainty better reflects the level of “knowledge” in the trained models. This can also
be regarded as a justification for the correctness of the HMC sampling we have implemented since the posterior ought to be sharper
when there is more training data.
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Fig. 7f. Part 6: For the additional setting described in Section 5.5, we show how the quantified uncertainties change over the original test utterance duration
in (p)(q) of Fig. 7, In (p), we can see that the score variance aligns well with the test duration, showing a monotonic decrease over the test utterance length.
Similar trends are also observable when the quantified uncertainties are entropy-based (shown in Fig. 7(q)). Typically, for all the entropy-based uncertainties,
when the test input length is smaller than 4 sec, the uncertainty suddenly becomes very small, which is due to bad calibration. Finally, unlike the results given
by (j)(m) in Fig. 7, all the entropy-based uncertainties are significantly affected by the test utterance duration, and this suggests that further investigation is
needed to show the relationship between test utterance length and epistemic uncertainty.

Table 2
Estimated model uncertainty (by scheme in Fig. 6(a)) and EER resulting from sets of models
trained using different amounts of training data (unit of uncertainty: Nat).

Changing the number of speakers

#Speakers 806 606 406

> U, (Nat) 284.82 333.20 405.10
EER (%) 6.81 +0.03 6.81 +0.02 7.03 £0.05
Changing the number of utterances per speaker

#Utterances 80 60 40

> U, (Nat) 284.82 306.72 348.47
EER (%) 6.80 + 0.02 6.82 +0.02 6.88 +0.07

6.2. How uncertainties vary as duration and noise changes

Under different 4 settings in Table 1, we also observed how uncertainties change as duration and noise level change in the test
input. In addition, we calculated different types of error rates and score variance in comparison to the varying uncertainties. Even
though the schemes or techniques are different under different settings, similar trends are presented and thus we specify our findings
mainly by analysing Figs. 7a-7f which is obtained by using HMC for sampling PLDA model posterior and running the scheme in
Fig. 6(a) (under setting 1 in Table 1). It shows the change in error rates and uncertainties over different test utterance durations or
noise levels.

The analyse of Fig. 7 can be summarised as follows: the current system has already been safe since it tends to reject more when
the level of speech variabilities increases in the test data. The model uncertainty corresponds to the change of duration while the
data uncertainty corresponds to the noise level. Finally, the uncertainties quantified rely on the proper degree of calibration, because
if the threshold is not allowed to adjust for extreme conditions, the quantified uncertainties will not show the desired behaviour.

For the rest of the results obtained from settings 2~4, we show them in the Appendix (B.8, B.9, B.10). They present results that
are similar to those in Fig. 7 in terms of the overall trend. This indicates that no matter which model is sampled, the behaviour of
uncertainties does not largely change. Thus, it would be more desirable to first look at the model uncertainty in simple components
of the system. However, some minor differences can still be found. As in Fig. B.9a and Fig. B.10a, Bayes-by-backprop further
updates model so that it achieves EERs which are slightly lower than the baseline 6.72% (EER of 5.78% in Fig. B.9a, 5.63% in Fig.
B.10a), while SGLD samples networks that are inferior to the baseline (EER of 6.92% in Fig. B.8a) due to the additional randomness
involved. In addition, by comparing Fig. B.9 and Fig. B.10, more diverse predictions are made when the posterior is approximated
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by conducting a longer training and hence the higher model uncertainties in Fig. 10. (E.g., averaged score variance is 115.51 when
duration is 10% in Fig. B.9g, but in Fig. B.10g, it is 1239.22 under the same condition). This suggests that different sampling or
approximation methods might estimate model uncertainty differently.

7. Conclusion
In this work, we have introduced a novel approach to quantify uncertainties in the modern speaker verification system. Exploiting
approximate Bayesian techniques such as HMC, SGLD, and variational inference (Bayes-by-backprop), our method generates

ensembles of ASV models, which allows us to estimate the uncertainties associated with ASV predictions. Through extensive
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experiments conducted on the Voxcelebl dataset, we validated that our approach provides a plausible measure of confidence in
the decisions made by the ASV system. We assessed our method under various conditions, including varying amounts of training
data, varying the duration of test utterances, and varying noise levels of test utterances. In the first case, we justified the reducible
nature of the quantified epistemic uncertainty. In the latter two cases, our measure accurately reflected the impact of test utterance
duration and noise on the system. The changes to the uncertainties reflected in the measure are also reflected in the EER of the system
indicating that the proposed measure can be employed to decide whether to act on a prediction made by the speaker verification
system or wait for more data and make another prediction, i.e., it is a measure of confidence that can be utilised when the system
is operational, and the ground truth is not known. However, some aspects of the quantified uncertainty remain unexplored. For
example, seeking calibration between uncertainty levels and error rates might lead to performance improvements but this has not
been addressed in this work. In other words, the question of “how this uncertainty can be used to improve system performance” is
left for future research.
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Appendix A. Detailed Hamiltonian Monte-Carlo algorithm

The HMC algorithm is detailed as follows:
1: function HMC(starting state 6,, number of steps /, and step size ¢)
2 forr=1,2,3..

3 sample momentum from Gaussian distribution: p, ~ N (0, I)
4 simulate Hamiltonian Dynamics using Leapfrog algorithm:
5: 0% =9,

6 P =p = 5VoU©)

7 fori=1,23..1:

8 Hfi) = Hfi_l) + eM’lpgi_l)

9 p” i=p 7V —ev,U6")

10: end

11 p =p) - £V,U@0")

12: 0, :=0"

13: Metropolis-Hasting’s step to calculate acceptance ratio:
14: a(6,10,_,) = min { 1, exp (H(é,,pf”) - H(e,,l,p,,l)) }

15: sample u ~ Uni form[0, 1]

16: if u<a6,0,_,): 0, :=46,

17: else: 6, = 6,_,

18:  end

19: output: {6,,6,,6,,...}
20: end function

Appendix B. Other experiment results obtained by varying the settings (Fig. B.8-B.10)

The results collected under setting 2 in Table 1 are shown in Fig. B.8. In this case, multiple embedding nets are sampled using
SGLD.

The results collected under setting 3 in Table 1 are shown in Fig. B.9. In this case, Bayes-by-backprop (5 epochs) is used to
approximate the model posterior of the embedding net.

The results collected under setting 4 in Table 1 are shown in Fig. B.10. In this case, Bayes-by-backprop (10 epochs) is used to
approximate the model posterior of the embedding net.

Similar to Fig. 7, all these figures present the change of error rates and uncertainties over the test utterance duration or noise
level.

Data availability

Data will be made available on request.
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