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Abstract—Linear discriminant analysis—probabilistic linear
discriminant analysis (LDA-PLDA) is a standard and effective
backend in the field of speaker verification. The object of LDA
is to perform dimensionality reduction while minimizing withinclass covariance and maximizing between-class covariance. For a
target class (or speaker), our task is to make a binary decision
about whether a test utterance is from a specific target speaker.
Generally, the nontarget test utterances that are close to the target
speaker are easily misjudged. Inspired by this idea, we propose
a local pairwise linear discriminant analysis (LPLDA) algorithm.
This new method focuses on maximizing the local pairwise covariance, which represents the local structure between the target class
samples and neighboring nontarget class samples, instead of the
between-class covariance, which represents the global structure
of the data. Experiments on the NIST SRE 2010, 2014, and 2016
database show that, the proposed LPLDA-PLDA backend has significant performance improvements over the LDA-PLDA backend.
Index Terms—Linear discriminant analysis (LDA), local pairwise linear discriminant analysis (LPLDA), probabilistic linear
discriminant analysis (PLDA), speaker verification.

I. INTRODUCTION
AINSTREAM speaker verification systems, such as
Ivector [1], Dvector [2], and Xvector [3], can be divided into two components: the frontend feature extractor and
the backend classifier. The frontend feature extractor realizes
the mapping from an utterance to a fixed length vector, while
the backend classifier models these vectors for decision making.
Recently, the GMM-Ivector [1], ASR-DNN-Ivector [4], endto-end DNN [2], [5], [6], and time-delay neural network
(TDNN) [3] frontends have been investigated to extract more informative vectors for speaker verification. Although there are a
wide variety of frontends, there are comparatively few effective
backends. Although the DNN approach has been well studied
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[7], the most effective and widely used backend is still linear
discriminant analysis—probabilistic linear discriminant analysis (LDA-PLDA) [8], [9]. LDA is a classical dimensionality
reduction algorithm, which simultaneously minimizes withinclass covariance and maximizes between-class covariance [10].
There has been some recent works aimed at improving the performance of LDA for speaker verification. One of these is source
normalized LDA [11], [12], which improves the robustness in
mismatched evaluation conditions by normalizing scatter matrices across different sources. Another approach is weighted
LDA [13]. When calculating the between-class scatter matrix,
weighted LDA improves performance by weighting class pairs
in inverse proportion to their distance. Based on the idea that the
distribution of Ivectors may not be Gaussian, nonparametric discriminant analysis (NDA) [14], [15] calculates both within- and
between-class scatter matrices on a local basis using a nearest
neighbor rule.
For a specific target speaker, neighboring nontarget utterances
(local confusable vectors) are much more important for learning
a decision boundary, so emphasizing these instead of treating
all examples equally should be beneficial [14]–[16]. Based on
this idea, we introduce a local pairwise linear discriminant analysis (LPLDA) algorithm to emphasize local structure instead of
global structure on data.
II. LINEAR DISCRIMINANT ANALYSIS
The core elements of LDA are the within-class scatter matrix
and the between-class scatter matrix. Let xsi represents the ith
sample (vector) of class s, the within-class and between-class
scatter matrix are defined as follows [1], [10], [17]:
Sw =
Sb =

ns
S
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(xsi − µs )(xsi − µs )t
n
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S
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where S is the total class number, ns is the sample number, and
µs is the sample mean of the sth class. µ is the overall sample
mean. LDA can be formulated as an optimization problem to
find a subspace V that maximizes the ratio of the between-class
scattering to the within-class scattering, as
V = argmax
V
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.
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scatter matrix is defined as follows:
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Fig. 1. Method for finding local pairs. Colors represent class identities. For a
target class s (black dots), µs is its mean vector. µs̄ is the mean of its confusable
samples x s̄j (dots located in the outer circle but not black), n s̄ = 7. The number
of out-of-class samples located in the inner circle is n ∗, o , s = 1. The µs and
µs̄ form a pair.

In comparison, the between-class scatter matrix in NDA [14],
[15] is defined as follows:
Sb =

S


S


ns








s,s t
s
ωis,s (xsi − µs,s
i )(xi − µi )

(3)

s=1 s  =1,s  = s i=1




where µs,s
is the local mean for xsi from class s , and ωis,s
i
is the weight function. For more details, please refer to [14]
and [15].
III. LOCAL PAIRWISE LINEAR DISCRIMINANT ANALYSIS
A. Motivation
The testing phase for speaker verification requires determining whether or not the test utterance and the enrollment utterance
are from the same target speaker. In this binary task, a neighboring nontarget utterance is more confusable than other nontarget
utterances. Because of this, shifting more attention from the
overall data structure to the local structure of the target class
samples and its neighboring nontarget class samples should be
beneficial. For LDA, the between-class scatter matrix describes
the overall distribution of all S classes, not just the target class
and its neighboring nontarget samples. Thus, we use a local
pairwise scatter matrix instead of the between-class scatter matrix to focus on impostor samples, which are most similar to the
target speaker, with the goal of improving speaker verification
performance.

where µs̄
is the mean vector of confusable samples of class s,
s̄
µs̄ = n1s̄ nj =1
xs̄j . The approach is called local pairwise LDA
because the calculation of the scatter matrix for each class s
emphasizes pairs formed by the class samples and the identified confusable samples. The aim of LPLDA is to maximize
the covariance between target class samples and the associated
confusable samples. Comparing Sb in (1) and Slp in (4), we
find that both are formed by a vector multiplied with its transpose, which is the subtraction of two means, so Slp has a similar
mathematical property to Sb , e.g., symmetry, positive (semi-)
definite.
The number of confusable samples ns̄ has an impact on system performance. As shown in Fig. 1, the largest distance between in-class samples and µs is denoted as max di,s . The
distance between out-of-class samples and µs is denoted as
do,s . The number of out-of-class samples with do,s < max di,s
(out-of-class samples in the inner circle) is denoted as n∗,o,s .
For choosing ns̄ , two cases are considered. In the first case,
n∗,o,s is small (or zero), as shown in Fig. 1, which means there
are few out-of-class samples located in the inner circle. In this
case, ns̄ is set to be proportional to ns , and ns̄ = k1 ns . In the
other case, n∗,o,s is large, which means that there are many outof-class samples located in the inner circle. In this case, ns̄ is
set to be proportional to n∗,o,s , and ns̄ = k2 n∗,o,s , k1 and k2
are constants. The final ns̄ is chosen as the larger of the two
cases, ns̄ = max(k1 ns , k2 n∗,o,s ). The influence of k1 and k2
on algorithm performance is studied in Section IV.
To calculate the distance between two samples, as all samples
are represented by length-normalized vectors, the inner product
of two vectors is used [1], [18]. It should be noted that a larger
inner product indicates a smaller distance.
The difference between NDA and LPLDA includes the selection of nearest neighbors and the computation of the betweenclass covariance. The nearest neighbors are found for every
sample xsi in NDA and for every class s in LPLDA. If we compare the between-class scatter matrices, the computational cost
of (3) is significantly greater than that of (4).
IV. EXPERIMENTS

B. Algorithm
The algorithm flow of the proposed LPLDA approach is the
same as LDA, except that LDA needs to calculate the betweenclass scatter matrix, and LPLDA needs to calculate the local
pairwise scatter matrix.
LPLDA needs to find confusable nontarget samples for each
class. For the target class s with black dots shown in Fig. 1,
the ns̄ out-of-class samples that are nearest to µs but do not
belong to class s are called confusable samples of class s, and
denoted as xs̄j , where 1 ≤ j ≤ ns̄ . These confusable samples
and the target class samples form a pair. Then local pairwise

(4)

To investigate the effect of LPLDA and LPLDA-PLDA backends, experiments are carried out on NIST SRE10 [19], SRE14
[20], and SRE16 [21] datasets. Both classical GMM-Ivector [1]
and TDNN-Xvector [3] frontends are investigated.
A. SRE10
The SRE10 includes two types of conditions: core–core and
coreext–coreext. The core–core condition 5 (core–core-c5) is
a telephone–telephone task, containing 580 models, 678 test
segments, and 30 204 trials. The coreext–coreext condition
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Fig. 2. Curves of EER and MDCF10 varied with the dimension on coreext–
coreext c5 female condition.

(coreext–coreext-c5) is also a telephone–telephone task, containing 4267 models, 767 test segments, and 416 119 trials.
According to SRE10’s evaluation plan, the detection cost function is computed with parameters Cmiss = 1, CFalse Alarm = 1,
and PTarget = 0.001, which means that the SRE10 is characterized by evaluating system performance in the very low false
alarm region.
Our GMM-Ivector frontend is configured as follows. A 13dimensional static MFCC is extracted, with delta and delta–delta
appended. The 39-dimensional vectors are subjected to cepstral
mean and variance normalization. An energy-based voice active
detection is applied. UBMs with 2048 gender-dependent Gaussian components are used. The rank of the total variability matrix is 600. LDA, LPLDA, and PLDA are all of dimension 150.
We use NIST SRE 04-08 telephone utterances and Switchboard
Phase II Part 1/2/3 and Cellular Part 1/2 to train all our models.
This dataset comprises 6374 speakers, 64 742 utterances, and
about 5524 h.
Figs. 2 and 3 are used for parameter tuning. Fig. 2 shows the
EER and MDCF10 as a function of LDA and LPLDA dimension.
As the dimension increases from 40 to 580 with a stride 20,
the EER and MDCF first decrease and then increase. Based
on this observation, in the following SRE10 experiments, the
dimension is set to be 150. Fig. 3 shows the performance of
LPLDA as a function of k1 and k2 . Similar to the above results,
as k1 increases from 2 to 20 with a stride 2, the EER and MDCF
first decrease and then increase, asynchronously. The result does
not change much with k2 because most of the training data fit the
first case, where n∗,o,s is small. For the rest of our experiments
(SRE10, SRE14, and SRE16), k1 = 10 and k2 = 1.2 are kept.
From Table I, we can see that PLDA has an average (across
condition and gender) relative improvement over LDA of 34.6%
(EER) and 9.4% (MDCF10). LPLDA has an average relative improvement over LDA of 22.8% (EER) and 26.4% (MDCF10).
Interestingly, this shows that PLDA is more effective at reducing EER, and LPLDA is more effective at reducing MDCF10.

Fig. 3. Performance of LPLDA varies with k 1 and k 2 on coreext–coreext c5
female condition.
TABLE I
EXPERIMENT RESULTS ON NIST SRE10

Combined, LPLDA-PLDA has an average relative improvement
over LDA-PLDA of 20.1% (EER) and 31.4% (MDCF10). This
combined result shows that the cascaded use of LPLDA and
PLDA can significantly reduce EER and MDCF10 at the same
time. The DET curve shown in Fig. 4 is more intuitive. The
absolute value of the slope of the curves with LPLDA is lower
than those without LPLDA, which further demonstrates that
LPLDA is a very effective method, especially in the low false
alarm region.
B. SRE14
The SRE14 Ivector challenge takes vectors instead of speech
as input to compare the performance of speaker verification
backends. The dataset for this task is gender independent,
and contains 1306 speaker models, 9634 test segments, and
12 582 004 trials. Each speaker model has 5 Ivectors. The
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Fig. 5. Visualize dimensionality reduction of LDA (left) and LPLDA (right)
with t-SNE.
TABLE III
EXPERIMENT RESULTS ON NIST SRE16

Fig. 4.

DET curves on coreext–coreext c5 female condition.
TABLE II
EXPERIMENT RESULTS ON NIST SRE14

We believe that the reason for the above situation is that
the objective function of LDA focuses on making the overall
variance between classes larger and does not try to minimize
the confusion between them individually. In contrast, LPLDA
focuses more on the covariance between target class samples and
confusable nontarget samples, and tries to make this covariance
larger and improve the verification performance.
C. SRE16

trials are randomly divided into a progress subset (40%) and
an evaluation subset (60%). In addition, NIST provided a development set, containing 36 572 i-vectors. All Ivectors are 600dimensional. Development data with labels are used to train
LDA, LPLDA, and PLDA. The dimensions of LDA, LPLDA,
and PLDA are 300.
Table II compares the performance of different systems on
SRE14. It can been seen that LPLDA-PLDA has best performance. Compared with LDA-PLDA, the EER relative improvement is 10.1% and 11.0% on the progress and evaluation sets,
respectively. The MDCF14 relative improvement of MDCF14
is 12.1% and 14.9%. To the best of our knowledge, the LPLDAPLDA is the best single backend among works reported in the
literatures [7], [20].
In order to give a more intuitive demonstration, we randomly
select 80 speakers from SRE14 enrollment set and use t-SNE to
visualize the effectiveness of LDA and LPLDA [22]. In Fig. 5,
the points in the left subfigure are from LDA and the points in
the right subfigure are from LPLDA. We can see that the points
of the same speaker (same color) are more compactly clustered
and the boundaries between different speakers are more clear in
the right subfigure. In the left subfigure, the points of the same
speaker are less compactly clustered and seem to spread out
spatially, especially in the middle area. This characteristic may
result in verification errors.

The SRE16 fixed training condition is challenging for three
main reasons: language mismatch, duration mismatch, and increased duration variability [21]. We use Ivector and Xvector [3]
to examine the performance of proposed LPLDA algorithm. The
data usage and system configuration are given in [3] in detail,
without data augmentation. Out-of-domain PLDA is considered.
The dimensions of LDA, LPLDA, and PLDA are 150.
The experimental results of LDA-PLDA and LPLDA-PLDA
are listed in Table III. Compared with LDA-PLDA, the relative
improvement of the LPLDA-PLDA approach is not as large as
for the SRE10 and SRE14 datasets. Despite this, LPLDA-PLDA
still outperforms LDA-PLDA in both EER and MDCF16, under
both Ivector and Xvector conditions. This further demonstrates
that the LPLDA-PLDA approach works well with different
frontends.
V. CONCLUSION
In this letter, we propose an LPLDA for speaker verification.
A local pairwise scatter matrix is used for dimensionality reduction, which considers the local covariance between target class
samples and neighboring nontarget class samples, instead of the
traditional LDA approach that focuses on between-class covariance. Experimental results on SRE10, SRE14, and SRE16 show
that, compared with LDA, this simple and novel LPLDA approach improves system performance. Overall, LPLDA-PLDA
outperforms LDA-PLDA with a relative improvement of 20.1%
EER and 31.4% MDCF10 on SRE10, and 11.1% EER and
12.9% MDCF14 on SRE14.
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