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Abstract

This paper investigates the convergence between SVM-
based and distance-based classifiers in speaker recognition. It
focuses on approaches in speaker recognition where a speech
utterance is represented with a fixed dimension vector. We study
various preprocessings to apply on the vectors before classifica-
tion, and various choices of negative samples to train SVM. We
prove that in one specific configuration, the SVM-based classi-
fier and the distance-based classifier are strictly equivalent. Ex-
periments on NIST2006 database, within the Anchor Models
framework, show that this specific configuration gets very good
performance.
Index Terms: speaker verification, anchor models, location
vectors, VZ-norm, SVM

1. Introduction
In speaker recognition, beside the prevalent GMM modelling,
approaches that model a speech utterance with a fixed dimen-
sion vector deserve more and more attention: this is the case for
instance for the GMM-supervector modelling, where a speech
utterance is represented with the vector of the means of a GMM
adapted on the given speech utterance (e.g. [1]). Other ap-
proaches, such as modelling a speaker through his/her relative
position to other speakers are also investigated [2] [3].

With such vector-based modelling, classification based on
SVM framework has been widely investigated [1] [3], with spe-
cial treatments such as WCCN [4] or NAP [1] that enable to
compensate for variabilities that hamper the classification. On
the other hand, distance-based classifiers have also been inves-
tigated [5] and have reached also good performances with a
variability-compensation process called VZ-norm [2].

In this paper, we study the convergence between distance-
based and SVM-based classifier, in various configurations of
variabilities modelling, and we prove that in one special con-
figuration, these approaches are strictly equivalent. Experi-
ments on speaker recognition based on Anchor Models show
that this configuration (when distance-based classifier is equiv-
alent to SVM) appears to give the best performances among
those tested.

The paper is organized as follows: in the next section, we
briefly recall the location vectors concept, the SVM-based and
distance-based classifiers. In section 3, we investigate various
preprocessing on location vectors, and choice of negative sam-
ples for SVM and we study convergence between SVM-based
and distance-based classifier. In section 4, experiments are con-
ducted on NIST 2006, and conclusions on results are discussed.

2. Speaker Verification based on vector
classification

Among various vector-based modellings, we focus here on
Speaker Location with Anchors Models. We choose this ap-
proach because of the good performances obtained with a vec-
tor of moderate size (typically 200 or 300 Anchor Speakers)
[2], especially for very short speech utterances [3]. Here, we
briefly recall the Anchor Models framework and both types of
classifiers used in this paper: SVM-based and distance-based
classifiers

2.1. Location Vectors with Anchor Models

In this approach, the speaker is characterized by a vector of log
likelihood ratio (LLR) values resulting from the scores of the
current speaker data with respect to the anchor models. The
vector thus obtained is called Speaker Characterization Vector
SCV, or Location Vector, and is denoted X.

X =

2
6664

bs(x|λ1)bs(x|λ2)
...

bs(x|λK)

3
7775 (1)

where bs(x|λk) is the average LLR of the observed data x (N
acoustic feature vectors) for the GMM model of anchor speaker
λk, relatively to a Universal Background Model:

Xk = bs(x|λk) =
1

N
log

p(x|λk)

p(x|λUBM )
(2)

Here, λUBM is a speaker-independent GMM, usually
called Universal Background Model (UBM), which can also be
used to initialize the training of the anchor models.

2.2. SVM classifier

In the standard formulation, a linear SVM is given by

f(X) = 〈W,X〉+ b, (3)

where 〈W,X〉 evaluates the dot product between W and X.
Given training samples, {Xi}, and their corresponding class
labels, {$yi}, the separation hyperplane between positive (i.e.
yi = 1) and negative (i.e. yi = −1) classes, defined by {W, b},
is derived through the following optimization procedure:

minimizeξi,W,b
1

2
||W ||2 + C

lX
i=1

ξ2i

subject to yi(〈W,Xi〉+ b) ≥ 1− ξi.

(4)

Accepted after peer review of full paper
Copyright © 2008 ISCA

September 22-26, Brisbane Australia1389

10
.2

14
37

/I
nt

er
sp

ee
ch

.2
00

8-
40

3



This objective function tries to maximize the geometric
margin between two classes, i.e. 2/||W || while penalize with
positive margin slack variables, ξi, for those training samples
whose distance to the separation hyperplane is smaller than the
margin. And the parameter, C, controls the tradeoff between
the margin and the penalty. The convex optimization problem
in equation (4) can be converted into its dual form using La-
grangian multiplier method. In this case, the vector W can be
written to be a weighted linear combination of training samples
as,

W =
X
i=1

αiyiXi. (5)

And, the weighting coefficients, {αi}, are obtained through the
following dual optimization problem:

maximizeαi

X
i

αi − 1

2

X
ij

αiαjyiyj 〈Xi,Xj〉

subject to
X
i

αiyi = 0 and 0 ≤ αi ≤ C.
(6)

Those training samples with αi > 0 are called support vectors.
There are typically few of them in the whole training set. With
equation (5), the linear SVM in equation (3) can be represented
in terms of the inner products between X and those support
vectors as:

f(X) =
MX
i=1

αiyi 〈Xi,X〉 + b (7)

In our following experiments, SVMTorch [6] is employed
as the SVM solver.

2.3. Distance-based classifier

In this framework, the classification is based on a simple mea-
sure of similarity between 2 vectors. Different metrics have
been investigated on SCV for speaker recognition [5], the most
robust one proves to be based on a correlation coefficient be-
tween the location vectors X,Y

R(X,Y ) =
(X − X̄)t(Y − Ȳ )

||X − X̄ ||||Y − Ȳ || (8)

where X̄ = 1
K

PK
k=1 Xk , withXk defined in equation 2.

3. Comparison between SVM-based and
distance-based classifiers

If we decompose the calculation of the correlation coefficient
into 2 steps, we have:

• pre-processing:

X̂ =
(X − X̄)

||X − X̄ || (9)

• dot product
R(X,Y ) =

D
X̂, Ŷ

E
(10)

Thus, after a preprocessing that centers the data and makes
an Euclidean normalization, the distance-based classifier using
the correlation metric can also be defined in terms of dot prod-
uct as well as the SVM classifier. Hence, if the preprocessing
on data is the same, and both the SVM and the distance-based
classifiers are defined in terms of the dot product in the pro-
cessed feature space, it is interesting to study the relationship

and compare the performance between them. In this case, the
comparison will then focus only on the discriminant capabil-
ities of the SVM that uses negative examples and models the
separating boundary between classes with support vectors.

3.1. Preprocessing on location vectors

We investigate various preprocessings to apply on location
vectors, inspired either by the correlation coefficient or by
variability-compensation schemes such as WCCN or VZnorm.

The various preprocessings are:

• C (centering): X → X − X̄

• E (Euclidean normalisation): X → X
||X||

• WCCN (within-class covariance normalisation):

X → Σ−1/2X

where Σ is the within-class (here class==speaker) co-
variance matrix of X estimated on a development set

• VZ (VZnorm):

X → Σ−1/2(X − μ0)

where Σ is the same as in WCCN and μ0 is the mean of
X estimated on a development set

These preprocessings can also be combined.

3.2. Negative sample for SVM

SVM-classifiers need negative examples in the training phase:
to train a SVM for a given speaker, positive examples (i.e. loca-
tion vectors of this given speaker) are required as well as nega-
tive examples (i.e. location vectors of speakers differents from
the given speaker). In the speaker verification evaluation frame-
work, as no knowledge on the impostor is available, location
vectors of a development set of speakers (different from the set
of speakers in test) are used as negative examples. Then, the
negative examples set is the same for all speakers to model, and
is obtained with a development set.

If we recall that in the preprocessing step, a development
set is also needed to estimate the transformation parameters
(Σ, μ0), we can use the same development set to estimate trans-
formation parameters and to be used as negative examples to
train the SVM.

Finally, we can investigate how μ0 , the mean vector of X
estimated on the development set, can be used as one single neg-
ative sample to train the SVM. We label Dev the configuration
when the dev set is used as negative samples, and MeanDev the
configuration when the mean vector on the dev set is used as the
unique negative sample.

3.3. Strict equivalence between distance-based classifier
and SVM-classifier in a specific configuration

In this specific configuration, the SVM is trained with one pos-
itive sample for the target speaker (denoted as Xtar in the fol-
lowing discussion) and one unique negative sample being the
null vector, 0K , of dimension K (dimension of the vector to be
classified).

In this case, the SVM in equation (7) becomes

fSV M (X) = α1 〈X,Xtar〉+ α2 〈X, 0K〉+ b

= α1 〈X,Xtar〉+ b
(11)
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And, the dual optimization problem for these weighting coeffi-
cients, α1 and α2, is:

maximizeα1,α2

2X
i=1

αi − 1

2

`
α2
1 〈Xtar,Xtar〉+ α2

2 〈0K , 0K〉
´

subject to α1 − α2 = 0 and 0 ≤ αi ≤ C.

(12)

We can readily get the solution:

α1 = α2 =
2

||Xtar ||2
b = 1

(13)

Thus, the SVM in equation (11) can then be written as:

fSV M (X) =
2

||Xtar||2 〈X,Xtar〉 − 1. (14)

On the other hand, if dot product is used as the similarity mea-
sure, the distance-based classification function can be repre-
sented as:

fDist(X) = 〈X,Xtar〉 . (15)
Then, the SVM in equation (14) can be regarded as a
weighted distance-based classifier where the weighting coeffi-
cient, 2/||Xtar ||2, is derived in the maximal margin principle.

When applying Euclidean normalization on vectors, the
norm of Xtar would be normalized to be one. Hence, for a
SVM under the following conditions:

• One positive sampleXtar , one negative sample 0K
• ||Xtar|| = 1

we get strict equivalence between this SVM and the distance-
based classifier:

fSV M (X) = 2fDist(X)− 1

4. Experiments
4.1. Protocol

Speaker verification experiments are conducted on the 2006
NIST SRE corpus. We focus on a subset of the single-side 1
conversation train, single-side 1 conversation test task [7] which
is restricted to the male speakers. This task involves 1,570 true
trials and 20,561 false trials. Enrollment and testing utterances
contain about 2 minutes of pure speech after some voice activity
detection.

4.1.1. Database

A subset of the 2004 NIST SRE corpus (the single-side, 1 con-
versation train, single-side, 1 conversation test part) is used as
the development set. There are a total of 1790 utterances from
310 speakers. The development is used for negative examples
in SVM training; and it is also used to estimate the transforma-
tion parameters in the preprocessing steps listed in section 3.1
(even the full-rank intraspeaker covariance matrix).

4.1.2. System Configuration

For the cepstral features used for anchor modelling, 13 PLP
coefficients are calculated every 10 ms using a 25ms Ham-
ming window. HLDA, RASTA, feature mapping and histogram
equalization (HEQ) are applied to improve channel/noise ro-
bustness of feature [3]. A gender independent UBM with 2048
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Figure 1: DET curves for different configuration of preprocess-
ing and negative samples for SVMs.

Gaussians is trained using about 40 hours of data from the
Switchboard corpora (I, II and Cellular parts). Totally 300 ref-
erence speakers (160 male and 140 female speakers) are used
as anchor models in our experiments.

4.2. SVM: influence of preprocessing on vectors and choice
of negative examples

Table 1 explains the different configurations of preprocessing
and negative samples for the SVMs. The corresponding DET
curves for each configuration are plot in figure 1

label preprocessing negative
samples

SVM dev - Dev
SVM meandev - MeanDev
SVM dev WCCN WCCN Dev

SVM meandev WCCN WCCN MeanDev
SVM dev VZ VZ Dev

SVM meandev VZ VZ MeanDev
SVM dev WCCNE WCCN + E Dev

SVM meandev WCCNE WCCN + E MeanDev
SVM dev VZE VZ + E Dev

SVM meandev VZE VZ + E MeanDev
SVM dev VZCE VZ + C+E Dev

SVM meandev VZCE VZ +C+ E MeanDev

Table 1: Configurations for SVM-classifier: influence of pre-
processing and negative example set

The observed results of figure 1 lead to the following com-
ments:

• There is no difference between WCCN and VZ, which is
normal, as SVM-classifier are insensitive to any transla-
tionX → X − μ
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Figure 2: DET curves for the SVM and the distance-based clas-
sifiers.

• There is a difference between WCCNE and VZE (i.e.
after applying the step of euclidean normalisation) be-
cause:

– as ||X − μ0||2 = ||X||2 + ||μ0||2 − 2Xt.μ0 then
X−μ0
||X−μ0|| �=

X
||X|| + k

– performing euclidean normalisation after the
translation makes the SVM sensitive to the trans-
lationX → X − μ

• Euclidean normalisation improves performance espe-
cially for VZ.

• without preprocessing on data, it is far better to consider
the whole set of negative sample (Dev) to train the SVM
model, than to consider only one single negative sample
(MeanDev)

• with preprocessing of data with the within-class covari-
ance matrix (either WCCN or VZ), very good results are
obtained using only one single negative sample (Mean-
Dev): they are equivalent or slightly better than consider-
ing the whole set of negative samples (Dev). Hence, af-
ter applying transformation based on covariance matrix,
we get “gaussiannized” location vectors, whose bound-
ary can be simply built with only 2 support vectors (one
positive, one negative).

4.3. Comparison between svm and distance-based classi-
fiers

We strengthen here the following point: in the configuration
MeanDev, with the unique negative sample μ, and when apply-
ing the VZ transformation on this sample , as the dev set (of N
samples) is the same to estimate the unique negative sample, we
have μMeanDev = μ0, thus

Σ−1/2(μMeanDev − μ0) = Σ−1/2.0K = 0K (16)

with 0K being the vector null of dimension E (dimension of
the vector to be classified). Thus, in the case of VZ preprocess-
ing, and MeanDev configuration, the SVM is trained with one
positive sample and one unique negative sample being the null
vector!

The relationship between the SVM and the distance-based
classifiers under such conditions is discussed in the previous
section 3.3. In table 2, we summarize the different configura-
tions in this comparison. Corresponding DET curves for each
configuration are plot in figure 2.

label preprocessing classifier
SVM meandev X → X − μ0 Svm (null vector)
DM meandev X → X − μ0 distance

SVM meandev VZ VZ Svm (null vector)
DM meandev VZ VZ distance
SVM meandev VZE VZ+E Svm (null vector)
DM meandev VZE VZ+E distance

Table 2: Configuration for comparison of SVM and distance-
based classifier

From the experimental results for the configurations listed
in the first four lines of table 2, we can see that the maximal mar-
gin weighting coefficient in the SVM-classifier, i.e. 2/||Xtar||2
in equation (14), could deliver better performance than the sim-
ple distance-based classifier.

From the last two lines in table 2, we experimentally
demonstrates the equivalence between the SVM and distance-
based classifiers after the Euclidean normalization preprocess-
ing which was also theoretically proven in section 3.3. We ob-
serve also that this special configuration is the one that gives the
best experimental results.

5. Conclusion
In this paper, we have compared 2 classification paradigms
for speaker recognition: distance-based and SVM-based clas-
sifiers. We have proven that in one specific configuration, these
paradigms are strictly equivalent. Besides, experimental re-
sults have shown that very good results are obtained within
this configuration which is based on convenient preprocessing
of data: hence, when data are conveniently preprocessed, the
SVM paradigm using more negative samples does not lead to
any improvement compared to the distance-based paradigm.
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