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Abstract

Despite the effectiveness of cosine scoring compared to classi-
cal Probabilistic Linear Discriminant Analysis (PLDA), struc-
tured generative models such as Toroidal Probabilistic Spherical
Discriminant Analysis (T-PSDA) can still provide superior per-
formance for DNN-based speaker verification. In this work we
investigate the relationship between T-PSDA and an isotropic
simplified PLDA (ISO-PLDA) model, and propose a novel ap-
proach that combines the ISO-PLDA Gaussian likelihood with
the structured directional T-PSDA speaker characterization to
obtain a Spherical-Gaussian (SG-TPSDA) model that is able
to match and, in some cases, improve T-PSDA performance.
Furthermore, we show how to extend both ISO-PLDA and SG-
TPSDA to explicitly account for utterance duration. Our results
on NIST and CN-Celeb data show that the proposed approach
is effective and capable of leveraging duration information to
further improve speaker verification accuracy.

Index Terms: Speaker verification, Probabilistic Linear Dis-
criminant Analysis, Spherical Discriminant Analysis, duration
models

1. Introduction

Recent years have seen the rise of speaker verification systems
based on DNN embeddings. The success of DNN embedding
extractors in computing information rich utterance representa-
tions, and in particular of models trained with angular distances,
has been accompanied by a decline of interest in back-end mod-
eling. This is in part due to the good performance of simple
back-ends based on cosine scoring [1, 2, 3], which have shown
the potential to match or even outperform more complex gen-
erative approaches such as Probabilistic Linear Discriminant
Analysis (PLDA) [4, 5, 6]. Recent works, however, have shown
that robust back-ends can still provide superior performance.
In [7] the authors have successfully employed domain-adapted
PLDA with DNN embeddings to address the NIST SRE21 chal-
lenge!. More recently, the authors of [8] have shown that
the relative performance of cosine and PLDA can significantly
change depending on the front-end and the evaluation metric,
and that robust back-ends such as Pairwise Support Vector Ma-
chine [9, 10], originally developed for the i-vector [11] frame-
work, consistently outperform both. On the generative side, the
authors of [1] have shown that a diagonal variant of the two-
covariance model [12] was able to outperform classical PLDA
and achieve competitive results with respect to cosine scor-
ing. The diagonal PLDA was further constrained to a spheri-
cal model in [13] to act as a probabilistic version of cosine. A

Uhttps://www.nist.gov/itl/iad/mig/nist-202 1-speaker-recognition-
evaluation-sre21
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different approach specifically tailored towards unit-norm em-
beddings has been proposed in [2] and further extended in [14].
The Toroidal Probabilistic Spherical Discriminant Analysis (T-
PSDA) [14] models directional data with a significant degree
of flexibility, allowing for explicit inclusion of multiple speaker
and channel subspaces, similarly to classical PLDA. The pres-
ence of reduced-dimensional speaker subspaces, which are ab-
sent in the Spherical PLDA formulation of [13], proves crucial,
allowing T-PSDA to significantly outperform cosine scoring in
several cases.

The shift from i-vectors to DNN embeddings has also
seen reduced interest in modeling nuisance sources at back-
end level, and compensation of utterance duration effects are
usually left to the front-end and to the length-normalization
that is implicit in cosine scoring, or to score normalization
and score calibration [15, 16, 17, 18]. The i-vector frame-
work provided a natural way to incorporate duration-dependent
uncertainty, encoded in the i-vector posterior covariance, into
PLDA [19, 20, 21, 22, 23]. On the other hand, DNN embed-
dings typically do not provide explicit uncertainty measures,
and although architectural solutions have been proposed that try
to address this limitation [24, 25] and incorporate uncertainty in
cosine scoring [26], they require modification of the embedding
extractor and are often not available for pre-trained models.

The goal of this work is to re-analyze the connections be-
tween PLDA and T-PSDA to propose a novel approach that
combines an i-vector/PLDA inspired duration model with the
effective structured speaker characterization of T-PSDA. We
start introducing an extension of the Spherical PLDA model
of [13] that employs isotropic covariance terms but, similarly
to classical PLDA, allows for a reduced dimensional speaker
subspace. We refer to this model as Isotropic PLDA, or ISO-
PLDA for short. We show that ISO-PLDA can significantly
improve performance with respect to cosine scoring, despite
being, in most of our tests, slightly worse than T-PSDA. We
proceed showing how to extend ISO-PLDA to incorporate du-
ration information without relying on an external measure of
embedding uncertainty. Given the superiority of T-PSDA com-
pared to ISO-PLDA, we then focus on the relationship be-
tween the two approaches, and propose a novel model that com-
bines the ISO-PLDA likelihood with the T-PSDA speaker prior.
The model, named Spherical-Gaussian TPSDA (SG-TPSDA),
achieves similar performance as T-PSDA on unit-norm embed-
dings, but, in contrast with T-PSDA, does not require inputs
to be normalized, leading to a slight increase of performance
in some use cases when length normalization is not applied.
Finally, the Gaussian likelihood of the SG-TPSDA allows us
to incorporate in SG-TPSDA our ISO-PLDA duration model,
achieving a duration-aware back-end able to outperform both
ISO-PLDA and T-PSDA.

10.21437/0dyssey . 2026-42



The rest of the paper is organized as follows. Section 2 in-
troduces our ISO-PLDA and our duration models. Section 3
presents our SG-TPSDA approach. Experimental results are
shown in Section 4, and conclusions are drawn in Section 5.

2. Isotropic PLDA

2.1. Simplified PLDA, two-covariance model and cosine
scoring

The simplified PLDA model [6] assumes that a D-dimensional
speaker embedding ¢, ; can be represented in terms of a low-
dimensional speaker factor as

¢s,i :m+Uys+€S,i7 (1)

where s denotes the speaker, ¢ is an utterance index, m is a
mean vector, y, is a d-dimensional, with d < D, speaker factor
constrained in the subspace identified by the D X d factor load-
ing matrix U, and &, ; is a residual noise term. PLDA assumes
Gaussian priors for both speaker and noise terms, correspond-
ing to Gaussian speaker prior and conditional likelihood

P(y,) =N(y,lo,1),
P(d)s,ilys) = N (d)s,ilm + UyS,W) ) (2)

where W is the residual noise covariance matrix. Assuming
a D-dimensional speaker subspace (i.e. d = D) leads to the
two-covariance model of [12], which can be expressed in terms
of full-rank between class and within-class covariance matrices
B=UU" and W as

G5 =Ys T Esiis 3)
with
P(y,) =N(y,m,B),
P(¢s,i|Y.s) :N((ﬁs,i‘yyw) . (4)

Given a pair (trial) of embeddings (¢., ¢,) scoring entails
computing the log-likelihood ratio (LLR) [ between the same-
speaker and different speaker hypotheses:

J P(¢.ly)P(¢.ly)P(y)dy
[ P(¢.ly)P(y)dy [ P(¢.|y)P(y)dy S
Q)
The LLR of the two-covariance model (4) corresponds to a
quadratic form of the trial [9, 27]

U, d) = 2¢. Ap,+¢. T+, T +c" ¢ +c" ¢, +k,

(6)
where I" and A are symmetric matrices, c is a vector and k a
scalar, whose values depend on B, W and m:?

l(¢e7 ¢t) = log

A= %W’T[\W’l , T= %W’T ([\ - f) W,
R R ) o 1
k=sk+5 (B 'm)" (A-20)B 'm,
c=wT" ([\—f) B 'm, %)
with
A=B 42w ' P=B'+w ),
k= —2log|T| +1log|B| +log|A| + m"B 'm. (8)

20ur work [9] contains an error in the expressions for k£ and k, that
was fixed in [28]. Please notice that in [9] and [28] B and W denote
precision matrices, while here they denote covariance matrices.
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Assuming zero-mean embeddings, m = 0, gives

U, b,) =20, Adp, + . Th, + ¢, T, + I,

for some (irrelevant) constant k’. As long as embeddings have
unit norm, cosine scoring can be expressed as the r.h.s. of (9)
by setting T' = 0, A = I, k" = 0. Although this solution does
not correspond directly to a well-formed PLDA model, it’s easy
to verify that an isotropic covariance, or spherical [26], model

P(y,) = N(y,/m,~1),
P(¢s,1|ys) = N(d)s,i Ys A_1:[) )

where «y and ) are scalars, would provide, for unit-norm embed-
dings, a LLR equivalent up to an affine transformation to co-
sine scoring [26]. Spherical PLDA had been already employed
in [29, 18] as a simplification that allows deriving a Variance-
Gamma-based calibration method. In [26] it was employed as a
probabilistic alternative to cosine.

©)

(10)

2.2. ISO-PLDA

The lack of a speaker subspace results in Spherical PLDA and
cosine scores differing only by an affine transformation. Their
performance in terms of calibration-insensitive metrics such as
minimum Detection Cost Functions or Equal Error Rate is,
therefore, the same. T-PSDA has shown the potential to out-
perform cosine thanks to a complex structure, that, similarly
to classical PLDA, can include both speaker and channel sub-
spaces. In this section we introduce an isotropic covariance
variant of the simplified PLDA in (2) that also includes an
explicit speaker subspace. To avoid confusion with the two-
covariance-derived Spherical PLDA of [26], we call this ap-
proach Isotropic PLDA (ISO-PLDA). ISO-PLDA can be for-
mulated as

¢s,i =m + Uys + ss,i

with isotropic covariance Gaussian prior and likelihood:

P(y,) = N(y,0,4°T),
P(¢s,i|Ys) = N(¢S,L|m + Uys7 A_II) .

an

(12)

where m is a mean vector, -y and \ are scalars,and Uisa D x d
matrix, constrained to have orthonormal columns UTU = I.
The constraints on U allows us to preserve the isotropic char-
acteristics both in the speaker subspace and in its complement.
The ISO-PLDA model can be expressed in an equivalent form
that will be useful in the following as

¢, =m+Uy,_ +es:, (13)
with
P(y,) = N(y,l0,1),
P(,,ly,) =N(d,;ln++Uy A7) (14

The EM algorithm can be employed to estimate the model pa-
rameters, with the constraints on U addressed similarly to those
of the SG-TPSDA model described in Section 3.2.

2.3. Duration modeling for ISO-PLDA

PLDA has been extended in [19, 22] and in [20, 21] to explicitly
model i-vector uncertainty, which is mainly affected by utter-
ance duration, through an additional, utterance-dependent, ad-
ditive factor. Unfortunately, most speaker embedding extractors



do not provide for an explicit model of the embedding uncer-
tainty. In [18] the authors propose a calibration approach de-
rived from an analysis of PLDA LLRs that allows for explicit
modeling of effective between and within class variability at
score level. In particular, the authors show that the scores of a
spherical PLDA model can be represented in terms of Variance-
Gamma (VI') densities whose parameters represent between
and within class variances of the training and evaluation pop-
ulations. This allows the authors to incorporate at calibration
level an utterance-dependent term that represents both residual
noise variance and variability due to utterance duration through
an “equivalent”, utterance dependent, effective variance

Aot g Y
ds,i +7]

8,1

(15)

where \™! is an effective residual noise variance, ) and 7 are
model parameters, and d ; is the duration of the utterance from
which embedding ¢, ; was extracted. Given the effectiveness
of the duration-aware VI' model in improving both calibration
insensitive and calibration sensitive metrics [18], we propose
to incorporate a similar model in ISO-PLDA, through an addi-
tional, isotropic covariance term:

¢, =m+yUy, +38:; + €50,

where

(16)
_ 3= (50100, Y
P = NOI0D) . P60 =N (.00, -2 T) |

P, |y, 0s) = N(, Jm+ Uy, + 6., 2" 'T). (17

The duration dependent term d,; and the noise term &, ; can
be unified in a single, isotropic covariance, duration dependent
factor, leading to the model

4)5,75 =m+ ’YUYS + Es,i s (18)
with
P(ys) = N(yslovl) ’
P(¢,lys) =N (¢, lm +1Uy , AT) . (19)

3. Spherical-Gaussian T-PSDA

As we show in Section 4, ISO-PLDA can significantly outper-
form cosine scoring, and thus Spherical PLDA. However, the
T-PSDA model proves, in most cases, more effective. Since
duration modeling allows improving the performance of ISO-
PLDA, in the following section we show a way to combine T-
PSDA with the ISO-PLDA duration model.

3.1. T-PSDA and ISO-PLDA

T-PSDA has been originally introduced in [14] as a probabilis-
tic, subspace-constrained alternative to cosine scoring for mod-
eling directional data (i.e. unit-norm embeddings). T-PSDA
extends a previous model by the same authors, the Probabilistic
Spherical Discriminant Analysis (PSDA) approach [2]. PSDA
can be interpreted as a probabilistic alternative to cosine scor-
ing that achieves very similar results. In contrast with Spherical
PLDA, however, PSDA is not necessarily equivalent to cosine,
even for calibration-insensitive metrics. Nevertheless, Spherical
PLDA and PSDA are similar, as they both lack a speaker sub-
space and achieve similar performance. T-PSDA extends PSDA
by re-introducing speaker and channel subspaces, employed in
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classical PLDA to constrain the speaker and channel factors,
in the directional distribution framework of PSDA. The pres-
ence of explicit speaker subspaces proves effective, allowing
T-PSDA to significantly outperform cosine scoring. T-PSDA
shares many similarities with our ISO-PLDA model. To bet-
ter relate the two approaches we consider a simplified T-PSDA
that includes a single speaker subspace and no explicit channel
subspaces. This model characterizes a unit-norm embedding in
terms of von Mises-Fisher distributions as

P(y,) =V({y;ln) ,

P((ﬁs,i‘ys) = V(¢s,z|)‘Uys) ’ (20)
where V denotes the von Mises-Fisher density
aTu k2
V(ula) = C(llal)e™ =, C(k) = @n

(2m) 51y 1 (k)

defined over the p — 1 dimensional hypersphere SP~! =
{x € R?: ||x|| = 1}, where p is the dimension of x. I, (x) de-
notes the modified Bessel function of the first kind of order v,
while a € R” is a parameter. In (20) p is a parameter that con-
trols the speaker prior, and U is a D x d speaker factor loading
matrix constrained to have orthonormal columns, UTU = I, as
to keep the prior conjugate with the likelihood. We can observe
that the simplified T-PSDA shares many similarities with ISO-
PLDA. If we let the concentration parameter be k = ||| = 0,
both models represent speaker effects in terms of a subspace-
constrained, isotropic speaker factor y . Furthermore, as the au-
thors of [13] observed for PSDA and Spherical PLDA, T-PSDA
can be interpreted as an ISO-PLDA model where the speaker
factors and the embeddings are conditioned on being unit norm.
Indeed, the von Mises-Fisher density V(Apt) can be interpreted
as the density of samples drawn from a Gaussian distribution
N (, A7), conditioned on the samples having unit norm. If
we start from a slightly modified ISO-PLDA model

Ys ¥ N(p,1),
¢s,i‘ys ~ N(’VUYS7 )\711) ’
where we allowed for a non-zero speaker prior mean g (which
would be irrelevant for ISO-PLDA, as it would be re-absorbed

in the term m), and further condition y, and ¢, ; to have unit
norm, we recover

(22)

(23)
(24)

Ysllysll =1 ~V(u)
d)s,il(ys’ ”¢S,ZH = 1) ~ V()\"YUyS)

i.e., a simplified T-PSDA model where the likelihood concen-
tration parameter is given by Ay . It should be noted that, al-
though similar, the two models are not equivalent even for unit-
norm embeddings. Furthermore, the VMF prior corresponds
to conditioning on the embeddings having unit norm, whereas,
if we assume the ISO-PLDA model for non-normalized em-
beddings, length-normalized embeddings would be modeled by
a projected Normal, rather than a VMF density. Experimen-
tal results show that ISO-PLDA is competitive with, although
slightly worse than, T-PSDA.

3.2. Spherical-Gaussian TPSDA

In this Section we propose a new model that combines the
flexibility of the ISO-PLDA model, which does not require
embeddings to have unit norm and can easily incorporate



utterance-dependent nuisance terms, with the superior perfor-
mance shown by T-PSDA. Similarly to ISO-PLDA, the pro-
posed Spherical-Gaussian T-PSDA (SG-TPSDA) represents an
embedding as a linear combination of different terms, but em-
ploys a VMF prior for the speaker factors. The model can be
formulated as

¢s,i =m+ ’YUyg + Es,i 5 (25)

where m is a vector, y a scalar and U a D X d factor loading
matrix constrained to have orthonormal columns, U7U = 1.
The speaker factor y, is assumed to follow a VMF prior distri-
bution, while the conditional likelihood for an embedding is an
isotropic covariance Gaussian:

Ply,) =V
P(¢s,i|y5) =

(yslw)

¢,;/m+~Uy A1) (26)

We can observe that the conditional likelihood takes the same
expression as our second formulation of the ISO-PLDA model
in (14), whereas the speaker factor y, has the same prior dis-
tribution as in T-PSDA. Given a set of n, embeddings ® =
{¢,,:}i=, from speaker s we can express the joint density of
the embeddmgs and the speaker factor y, as

log P(®,y,) =log P(y,) + Y _log P(¢, ,ly,)
i=1
1 & 2
= I‘I’TYS - §ZA||¢5,Z _m_’yUysH +c
1
=52 Pl -l - 3 30
+ [/\ (6. —m)" vas} +uly, te
i=1
27
where c is a constant, and we employed the fact that
("Uy,)" (YUy,) =7’y U' Uy, =7’y y, =7". (28)

The constraints on U allowed ISO-PLDA to present isotropic
characteristics in both the speaker subspace and its complement.
In SG-TPSDA the same constraints allow preserving the prior-
likelihood conjugancy when the ISO-PLDA Gaussian speaker
prior is replaced by the T-PSDA VMEF prior. This allows us to
easily derive the posterior for y |®, which is also VMF:

Py |®)=V <ys

‘We can compare the posterior (29) to the T-PSDA posterior that
we would obtain with the ISO-PLDA induced parametrization

of T-PSDA in (23):
]) . (30)

It can be noticed that the two posteriors have the same expres-
sion, as long as we assume zero-mean embeddings (m = 0) for
SG-TPSDA. On the other hand, SG-TPSDA and T-PSDA differ
in the likelihood term: SG-TPSDA differentiates the between
and within-speaker variability through two coefficients that act
as “effective” variance v and A™!, whereas T-PSDA models

Ns

u+MU” Z

i=1

(.. — m]) (29

4+ XU [

i=1

Prespa(y|®) =V (ys
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them jointly through the product \vy. Nevertheless, even if the
ML solution for the two models may differ, our experiments
show that the two models provide almost identical results for
unit-norm embeddings.

As for PLDA, ISO-PLDA and T-PSDA, the EM algorithm
can be employed to estimate the SG-TPSDA parameters. Given

a set of n speakers with associated embedding sets @ ... ®,,
the EM auxiliary function is given by
QLI =
=Epiy,. .y @@, ) [l0g P(®1... Py, ...y, [TT)]
= ZEP(ySHI)S,H’) [log P(®sy, IT) log P(y,|TI)]
s=1
ND . 1, o
= gA— L [,\ si—m ]—4 N
3303 Mg, = ml] - 30
n ng r
+MTr|{UD Ely,]> (¢, —m) } : 31)
s=1 i=1
where II' = (m’,U’, X' |+, u) are the current estimates of

the model parameters, I (m, U, \,~, u) are the parame-
ters we are maximizing () with respect to, and N is the total
number of utterances N = Y "_ n,. As for T-PSDA [14] the
maximization of () can be performed in steps with a coordinate
ascent approach. The maximum with respect to m is given by

n  ns

NZZ oi —YUE[y,]) ,

s=11i=1

(32)

although in practice, if embeddings have been centered, assum-
ing m = 0 does not significantly affect results. The maximizer
of @ with respect to U corresponds to the maximizer of

s

> (4., -m)", st UTU=I.

i=1

(33)
From von Neumann trace inequality the maximum is obtained
by U = VA UX, where U4 and V 4 are given by the truncated
Singular Value Decomposition (SVD) of A = UaXa V5.
The maximum with respect to A and + is obtained by

A e

s=1 [i=1

1 n ns
= 5D {ZZH% —m|[* - N

s=1 i=1

Tr [UA], A:Zn:E[y

s=1

UE[y,],

} G

Regarding p, we express the parameter as

w=kip, |al=1. (35)
The optimal solution for fi corresponds to
A=, m= Z Ely,] (36)

whereas the solution for k£ can be obtained through numerical
maximization of

n

>

s=1

L(k) [(g - 1) logk —logls_ (k) +ki"Ely,]

(37)



The speaker verification LLR for a pair of embeddings (¢, ¢,)
can be expressed as [30, 14]

L PGISIPGIS)
e d0) =108 it 5 3Py)

o LBV y|p)
Ve, )V (yIn)
(38)
for any unit vector y, where pt,, p, and pr, , = p, +p, — p
are the parameters of the speaker factor posterior (29) given the
enrollment, the test, and both embeddings, respectively. Choos-
ing y orthogonal to all the prior and posterior parameter vectors
in (38) we obtain

CllleDCUlpeell)
e +pee — pl)C(lpel)

i.e., as expected from the form of the posterior, the same expres-
sion as the T-PSDA LLR [14].

l(d)e’(pt) = lOg C( (39)

3.3. SG-TPSDA and duration modeling

We now have all the building blocks to derive our duration-
aware SG-TPSDA model. As for SG-TPSDA, we combine the

T-PSDA prior with the duration-aware ISO-PLDA likelihood:
qss,i =m + ’yUys + ss,i I (40)

where y follows a VMF prior distribution, while the residual
noise €,,; has a duration-dependent, isotropic covariance, Gaus-
sian distribution as in (19):

Ply,) =V(u),

P(¢yly) =N (6., [m+7Uy, A0M) . @D

with A\ ; defined as in (15):
A=t ¥ 42
=T “2)

The posterior for y, takes a similar form as in SG-TPSDA, with
the precision term )\ replaced by the effective, utterance depen-
dent precision term A ;:

Py |®) =V (ys

Ns
pu+U” Z Aesi [Pss — m}) (43)
i=1
The model parameters U, m, ~, ¢ can be estimated similarly
as in the SG-TSPDA model. Replacing the terms A with A ; in
the likelihood (27) we can derive the EM auxiliary function and
obtain the update rule for m as

o 22:1 ZLH >\5v’i (d)s,i - ’YU]E [ys])
m = .

7 e (44)
D1 2ity Asi
U can be computed from the truncated SVD
A=Y Ely]Y) Ai(b,—m)" 43)
s=1 i=1
as U = VA UX. The update for ~y is given by
n ng T
P [ ioq Asi (¢s,i - m) } UE [y,]
Y= (46)

22;1 Z?;l )‘Syi

The optimal solution for g can be computed as in (35), (36)
and (37). For the parameters A, ¢» and 1 of the Gaussian noise,
and the term k in (37), we resort to numerical optimization
based on the L-BFGS algorithm [31]. The speaker verification
LLR can be computed as in (38) and (39), with the posterior
parameters computed according to (43).
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4. Experimental results

To assess the effectiveness of our proposed approach we con-
sider three different test sets: NIST SRE19°, NIST SRE24*
and CN-Celeb [32]. Since the duration-aware models are aimed
at scenarios with utterances of short and variable duration, for
SRE19 we consider both the original and a “short” version of
the benchmark obtained by randomly cutting enrollment and
test segments to a duration between 3 and 30 seconds. Since
both SRE24 and CN-Celeb already contain shorter segments,
this procedure was not applied to these two sets. We em-
ploy two off-the-shelf, publicly available embedding extrac-
tors: a SimAM-ResNet-100° [33], pre-trained and fine-tuned
on VoxBlink2 [34] and VoxCeleb2 [35], respectively, and a
ReDimNet-B6° [36], pre-trained on VoxCeleb2. Speech seg-
ments have been extracted by means of energy-based Voice Ac-
tivity Detection. Back-end training employs NIST CTS Super-
set [37] data for the SRE19 and SRE24 tests and VoxCeleb2
data for the CN-Celeb test, with a mix of short and long seg-
ments, obtained concatenating training segments belonging to a
single session. Results are summarized in Table 1 for SiImAM-
ResNet-100 and Table 2 for ReDimNet-B6 embeddings, re-
spectively. For all models we report Equal Error Rate (EER),
minimum primary cost (min Cprim) as defined by NIST for
SRE19 and SRE24, and the minimum cost of Log-Likelihood
Ratio (min CY;,) [38, 39, 40], evaluated through the PAV al-
gorithm [41] on the evaluation set. In each table the first two
rows report the performance of cosine and T-PSDA baselines,
with the best-performing baseline in bold. The following four
rows refer to ISO-PLDA models, with and without length nor-
malization (“Norm” column), with and without duration mod-
eling (“Dur” column), whereas the last four rows report the SG-
TPSDA performance with a similar organization. Results that
match or outperform the best baseline are in bold. For each
test set / front-end combination the subspace dimension was se-
lected by optimizing the baseline T-PSDA results.

We start observing that T-PSDA is more effective than
cosine scoring in almost all scenarios, in particular for the
SimAM-ResNet-100 embeddings, where the model can even
halve the EER on SRE24. For ReDimNet-B6 T-PSDA is also
more effective, although the relative gains are smaller, and co-
sine scoring is able to match T-PSDA on CN-Celeb data. Re-
garding our proposed models, we note that SG-TPSDA with
length-normalized embeddings achieves very similar perfor-
mance as T-PSDA, confirming that the Gaussian likelihood can
effectively be employed in place of the VMF likelihood. ISO-
PLDA is also competitive when embeddings are normalized,
providing slightly worse performance than T-PSDA but sig-
nificantly outperforming cosine for SimAM-ResNet-100, and
matching or providing minor improvement over T-PSDA for
ReDimNet-B6. For both ISO-PLDA and SG-TPSDA the intro-
duction of our duration model leads to a significant improve-
ment in terms of EER and minimum Cj;,., while minimum
Cprim results are not significantly affected, except for ISO-
PLDA on CN-Celeb, where we observe also an improvement
for this metric.

In contrast with T-PSDA, both ISO-PLDA and SG-TPSDA
can process non-normalized embeddings. Previous works have

3https://www.nist.gov/itl/iad/mig/nist-2019-speaker-recognition-
evaluation

“https://www.nist.gov/itl/iad/mig/nist-2024-speaker-recognition-
evaluation-sre24

Shttps://github.com/wenet-e2e/wespeaker/blob/master/docs/pretrained.md

Ohttps://github.com/IDRnD/redimnet/blob/master/EVALUATION.md



Table 1: Percent EER, min Cprim and min Cy, of the proposed back-ends, with and without length normalization, with and without
duration modeling, SimAM-ResNet-100. The first two rows correspond to our baselines, with the results of the best system in bold. The
following rows present ISO-PLDA and SG-TPSDA results, with bold values for models that match or outperform the best baseline.

SRE 19 (Cuts) SRE 19 (Original) SRE 24 CNCeleb
Backend Norm  Dur | EER min min EER min min EER min min EER min min
% Cprim Cllr % Cprim Cllr % Cpm'm C1llr %o Cpm’m C'llr
Cosine v X 12.9 0.61 0.43 6.2 0.37 0.23 14.3 0.81 0.46 9.9 0.39 0.32
T-PSDA v X 9.2 0.55 0.33 4.4 0.33 0.18 7.1 0.58 0.26 6.7 0.36 0.24
v X 10.0 0.56 0.35 4.8 0.34 0.19 7.5 0.60 0.28 7.2 0.37 0.26
ISO-PLDA v 8.9 0.54 0.32 4.6 0.33 0.18 7.5 0.59 0.28 6.6 0.34 0.24
X X 10.2 0.65 0.35 4.7 0.38 0.18 8.8 0.70 0.31 7.6 0.47 0.26
v 8.0 0.59 0.28 4.4 0.37 0.17 8.3 0.67 0.30 6.6 0.42 0.22
v X 9.2 0.55 0.33 4.4 0.33 0.18 7.1 0.58 0.26 6.6 0.36 0.24
SG-TSPDA v 8.3 0.56 0.31 4.1 0.33 0.17 6.8 0.57 0.25 6.3 0.36 0.22
X X 8.7 0.55 0.31 4.1 0.33 0.16 6.9 0.61 0.26 59 0.36 0.21
v 8.3 0.57 0.30 4.1 0.34 0.16 6.5 0.58 0.24 5.5 0.37 0.19

Table 2: Percent EER, min Cprim and min Cy, of the proposed back-ends, with and without length normalization, with and without
duration modeling, ReDimNet-B6. The first two rows correspond to our baselines, with the results of the best system in bold. The
following rows present ISO-PLDA and SG-TPSDA results, with bold values for models that match or outperform the best baseline.

SRE 19 (Cuts) SRE 19 (Original) SRE 24 CNCeleb
Backend Norm  Dur | EER min min EER min min EER min min EER min min
% Cprim Cllr % Cprim Cllr % Cpm'm C1llr %o Cpm’m C'llr
Cosine v X 13.4 0.74 0.46 8.1 0.54 0.30 13.0 0.84 0.45 11.2 0.49 0.37
T-PSDA v X 12.7 0.72 0.43 7.6 0.52 0.28 11.1 0.77 0.39 11.2 0.49 0.37
v X 12.5 0.72 0.43 7.6 0.52 0.28 10.8 0.77 0.39 11.1 0.49 0.37
ISO-PLDA v 11.6 0.70 0.40 7.3 0.51 0.27 11.4 0.76 0.40 10.5 0.43 0.34
X X 13.9 0.74 0.46 7.9 0.53 0.28 12.5 0.83 0.43 12.8 0.52 0.42
v 11.6 0.71 0.40 7.5 0.52 0.27 12.4 0.80 0.42 9.9 0.43 0.32
v X 12.7 0.72 0.43 7.6 0.52 0.28 11.1 0.77 0.39 11.2 0.49 0.37
SG-TSPDA v 11.8 0.73 0.41 74 0.53 0.27 10.9 0.78 0.38 10.0 0.47 0.34
X X 13.1 0.73 0.44 7.6 0.52 0.28 11.6 0.80 0.41 11.5 0.50 0.38
v 11.9 0.74 0.41 74 0.53 0.27 11.0 0.78 0.39 9.7 0.47 0.33

suggested that length normalization may be less relevant for
robust back-ends, especially when duration is accounted for
at back-end or calibration level [18]. We therefore analyzed
also the performance of our approaches without length nor-
malization. For ISO-PLDA we can observe a degradation of
performance when duration is not accounted for in almost all
test sets for both front-ends. SG-TPSDA also shows a small
degradation of performance in three out of four test sets with
ReDimNet-B6 embeddings. On the other hand, with SimAM-
ResNet-100 embeddings we observe improvements in terms of
EER and Cj;, when length normalization is not applied. The
introduction of duration models results in significant gains in
terms of EER and CY;, for both approaches, except for the orig-
inal SRE19 test, where, due to the longer duration of the seg-
ments, the improvement is less significant. We can observe
that, once duration is accounted for, the gap between models
that employ unit-norm embeddings and models that employ the
original, non-normalized embeddings reduce, confirming that
length-normalization may be indirectly achieving a duration
normalization effect.
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5. Conclusions

‘We have presented a novel generative back-end for embedding-
based speaker verification. SG-TPSDA combines the structured
subspace and VMF speaker prior of T-PSDA with the Gaussian
likelihood of an isotropic covariance PLDA model, achieving
similar performance as T-PSDA with unit-norm embeddings,
while being able, in some scenarios, to outperform T-PSDA
when length normalization is not applied. We have also in-
troduced an extension of the Gaussian likelihood that is able
to incorporate a duration model that does not rely on ad-hoc
embedding extractors, allowing us to further improve the SG-
TPSDA performance. The model similarities and the relative
performance of our ISO-PLDA and SG-TPSDA suggest that the
structure of the speaker factor plays an important role. Future
works will be devoted to extending SG-TPSDA to include struc-
tured duration information, evaluate a duration-aware T-PSDA
model that can be constructed from the SG-TPSDA duration-
aware model, and to further investigation of the structure of
the speaker factor and its prior, with the goal of unifying ISO-
PLDA, T-PSDA and SG-TPSDA.
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