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Abstract 
This paper proposes a probabilistic sequence kernel based on 
the universal background model, which is widely used in 
speaker recognition. The Gaussian components are used to 
construct the speaker reference space, and the utterances with 
different length are mapped into the fixed size vectors after 
normalization with correlation matrix. Finally the linear 
support vector machine is used for speaker recognition. A 
transition probabilistic sequence kernel is also proposed by 
adaption the transition information between neighbor frames. 
The experiments on NIST 2001 show that the performance is 
compared with the traditional UBM-MAP model. If we fusion 
the models, the performance will be improved 16.8% and 
19.1% respectively compared with the UBM-MAP model. 
Index Terms: speaker recognition, support vector machine, 
universal background model, probabilistic sequence kernel 

1. Introduction 
The support vector machine (SVM) [1] is based on the 
principle of structural risk minimization, and has got more 
attention in many different fields for its superior performance. 
Some methods using SVMs for speaker recognition is to 
construct a superior kernel function to deal with the variable 
length utterances. In practice, the use of kernel function means 
that an explicit transformation of the data into the feature 
space is not required, which is achieved by replacing the value 
of dot production between two data points in input space. The 
popular approaches using SVMs for speaker recognition are to 
construct the difference mapping processes dealing with the 
utterances having difference lengths, such as Fisher kernel [2], 
Generalized Linear Discriminant Sequence Kernel (GLDS) [3], 
dynamic time alignment kernel (DTAK) [4], Probabilistic 
Distance Kernels [5], SuperVector [6, 16], etc. 

The anchor models have been used in speaker indexing, 
speaker identification and speaker verification [7, 8, 9]. This 
modeling consists in projecting a speaker utterance into a 
space of reference speakers and then some deterministic 
approaches are used to classification or recognition. The 
popular methods for speaker recognition are based on the 
universal background model (UBM) [10, 11], which is a 
single, speaker independent background model for all 
hypothesized speakers. The UBM is a large Gaussian Mixture 
Model (GMM) trained to represent the speaker independent 
distribution of features. So we can adopt this characteristic to 
construct the reference space using its Gaussian distributions 
for speaker recognition like the anchor model.  

Adopting the anchor model’s idea, the reference space is 
also be used to map the utterances into the fixed size vectors, 
then there vectors can be inputted to the SVMs directly for 
speaker recognition. In this view, our method can also be 
considered as a mapping method for utterances, which is 
achieved by combining the UBM and the anchor model idea. 

This paper is organized in the following way: In section 2 
we review the anchor model briefly. The UBM-based methods 

will be described in section 3. Section 4 presents the 
experimental results on 2001 NIST task. Finally, section 5 is 
devoted to the main conclusions and our future work. 

2. Anchor Model 
The key idea of anchor modeling is to project a speaker into a 
space defined by the anchor models [7, 8]. The anchor models 
correspond to the space of the E virtual speakers obtained by 
clustering or by subset selection. Each speaker in models is 
characterized by a vector called Speaker Characterization 
Vector (SCV), which can be denoted as following: 
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where )|( exp 	  is the normalized log-likelihood ratio 
of the utterance data X (of N acoustics feature vectors) for the 

GMM model of the reference speaker e	  relative to the 
universal background model: 
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where UBM	 is the universal background model. And the 
speaker recognition step can be viewed as projecting the target 
speaker and the test data into the anchor space, and the 
decision is made according to the measure between the 
speaker and the test is calculated. 

3. UBM-based Model 
The UBM represents the speaker independent distribution of 
features in general, so we can utilize this characteristic to 
construct a new reference space for speaker recognition like 
the anchor models. But we use the Gaussian distributions in 
the UBM instead of the reference speakers. Then every 
utterance can be located at one point in the new reference 
space, and one speaker's all utterances will be located in a 
small region. Finally, we use the support vector machine to 
separate one speaker's region from others. 

3.1. Gaussian Mixture Model 

Generally the UBM is a Gaussian Mixture Model [10, 11]. 
The GMM provides an effective way to describe the personal 
speech characters, and one of its powerful attributes is the 
capability to form smooth approximations to arbitrarily shaped 
densities. For a d-dimensional feature vector, x, the mixture 
density used for the likelihood function has the following form: 
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The density is a weighted linear combination of M 
unimodal Gaussian densities, )(xpi , each parameterized by a 

mean 1�d vector, i� , and a dd �  covariance matrix, i .  
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The parameters of GMM can be estimated using the 
expectation maximization (EM) algorithm. The experiments 
show that the combined likelihood for x is approximate to the 
max component likelihood when M is small, and the top 5 
components are used in the Universal Background Model 
(UBM) which has 1024 or 2048 components. 

 )(max)( xpwxp iii
�  (5) 

3.2. UBM-Based Probability Sequence Kernel 

The Speaker Characterization Vector (SCV) for a feature 
vector x in our method is defined as following like the anchor 
model: 
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Where )(xi�  is associated with the components in UBM 
and defined by the following: 

 

 �

� M

i ii

ii
i

xpw
xpwx

1
)(

)()(�   (7) 

Obviously, we can see that the SCV is the percent of 
likelihood ratio of each Gaussian distribution for a feature 
vector x. The elements in the SCV reflect the weightiness of 
the Gaussian distributes in the UBM. 

Now we can construct a linear classifier for speaker 
recognition in the way of GLDS kernel [3, 14], which 
determined the weights w by minimizing the sum-of-squares 
error function, as follows: 
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Where the speaker data x1, x2… xNx are given a target 
value of 1, and the background data z1, z2… zNz a target 
value of 0, and the Nx and Nz denote the number of speaker 
and background feature vectors.  

Finally, given two sequence of feature vectors, X and Y, 
the similarity between them is:  
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The matrix )]/([ zx
T NNUU �  is an estimate of the 

overall correlation matrix in the speaker reference space. For 
computational simplicity, we assume that the outputs of the 
Gaussian components are uncorrelated, for which the 
correlation matrix can be assumed diagonal in the following 
form: 
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And the similarity measure between X and Y can be 
written in: 
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T
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Where: 
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Using support vector machine, the hyperplane can be 
described in the following form: 
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Where L denotes the number of support vector lb , d is the 

bias, and the term ll t� indicates the weight of the support 

vector lb  in characterizing the hyperplane. 
We can see that every utterance with different length can 

be mapped into a fix-size vector in a common speaker 
reference space, which is constructed according to the 
universal background model. And the target speaker's 
utterances mainly are located in a small portion of the whole 
space. The linear support vector machine is used to separate 
the speaker dependent portion from the whole space in the 
GLDS’s way, which can be trained on the target speaker SCVs 
against the impose speakers'.  

3.3. Speaker Dependent UBM-MAP Based 
Probability Sequence Kernel 

The UBM-MAP model [10, 11] is the most popular model for 
speaker recognition, and the UBM-MAP probability sequence 
kernel can also be developed using a speaker-dependent 
reference space instead of the speaker-independent reference 
space in the UBM-based probability sequence kernel. The 
UBM cover the space of speaker independent, broad acoustic 
classes of speech sounds, and the adaptation is the speaker-
dependent tuning of those acoustic classes observed in the 
speaker's training speech. The adaptation approach provides 
superior performance because it is not affected by unseen 
acoustic events in recognition speech. The mapping process is 
similar to the UBM-based model with a different reference 
space for every speaker, and the experiments show the 
performance can be improved obviously. 
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3.4. Transition Probability Sequence Kernel 

In the previous model, we constructed the reference space 
using the UBM or UBM-MAP for each feature, and get the 
average vector of all features in an utterance. There is an 
assumption that the frames are independent, it is clear this is 
just a simple assumption. We further consider the relationship 
between the neighbor frame features, and construct the 
transition reference space for speaker recognition. 

For every feature vector x and the neighbor feature vector 
y, they can be mapped into a fix-size matrix, which is based on 
the UBM:  
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where 
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After expanding ),( yx�  to a one-dimension vector 
simply, an M*M size vector can be got, which is the mapped 
result for the neighbor frame vectors. Now we can construct 
the kernel in the same fashion in previous model for speaker 
recognition.  

In our experiment, the number of Gaussian component is 
1024, so the transition reference space dimension is 1024 * 
1024 = 1048576. This is very huge, and is not practice to 
compute, so we need a method to reduce the dimension of the 
reference space. The combined likelihood for a feature vector 
x is approximate to the max component likelihood in the UBM, 
so we found that the majority of elements in matrix ),( yx�  
are very close to 0 for all utterances because the Gaussian 
component in the UBM is very independent. If we only 
consider the top 1 Gaussian component for all feature vectors, 
the most of elements in ),( yx�  will be 0. So we accumulate 

the frequencies for all elements in ),( yx�  on the 
background dataset, and select the top elements which get high 
value to represent the whole ),( yx� . Through this method 
we can reduce the dimension to a few thousand.  

 

4. Experiments 
Our experiments were performed on the 2001 NIST task [15]. 
The features are derived from the waveforms using 16th order 
MFCC on a 20 millisecond frame every 10 milliseconds and 
deltas computed making up a thirty two dimensional feature 
vector, and the band limiting is performed by retaining only 
the filter bank outputs form the frequency range 300-3400 Hz. 
Mean removal, preemphasis and a hamming window were 
applied, and energy-based end pointing eliminated nonspeech 
frames.  

The UBM had 1024 Gaussian distributions, and the mean 
adaptation is used in the MAP training for every target speaker. 
Training SVMs rely on the quadratic programming optimizers, 
and it is not easily to the large scale problems, and the SMO 
[12] algorithm was used in our experiments. 

Our method is based on the utterance, but only one 
training utterance for every speaker in the 2001 NIST task. In 
order to produce more samples, we divided the whole training 
utterance into eight segments and mapped them to the fix-size 
vectors. But the test utterances don’t be split for its length. 

For measuring the performance, we used equal err rate 
(EER) and the minimum decision cost value (minDCF). This 
DCF is defined as a weighted sum of miss and false alarm 
error probabilities: 
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where 01.0arg �etTP , 10�MissC , 1�FalseAlarmC . 

4.1. UBM-Based Probability Sequence Kernel 

Figure 1 shows the DET curve comparing the UBM-MAP, 
UBM-Based Probability Sequence Kernel (UPSK), UBM-
MAP Based Probability Sequence Kernel (UMPSK) and their 
combination. And the table 1 shows their EER and minimal 
DCF. We use a simply linear function to combine the scores in 
order to improve the performance. 

Table 1. The performance of UPSK model for speaker 
verification on the 2001 NIST task. 

Model EER(%) minDCF 

UBM-MAP 7.21 0.0264 
UPSK 9.37 0.0372 

UMPSK 7.45 0.0289 
UBM-MAP+ UPSK 6.13 0.0248 

UBM-MAP+ UMPSK 5.98 0.0237 
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Figure 1: DET curves for the UBM-MAP, UPSK and UMPSK 
on the 2001 NIST task. 
 

We can see that the UBM-MAP is slightly superior to the 
UMPSK model and the UMPSK model is superior to the 
UPSK model. If we fusion these two model, the performance 
will be improved 16.8% compared to the UBM-MAP model.  
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4.2. UBM-based Transition Probability Sequence 
Kernel 

The order of UBM is still 1024, and Table 2 show the 
performance of UBM-based Transition Probability Sequence 
Kernel model (UMPSK) on the 2001 NIST task. In our 
experiments, the size of reference space is set to 2000, 4000 
and 8000 respectively. 

Table 2. The performance of TUPSK model for 
speaker verification on the 2001 NIST task. 

Model EER(%) minDCF 

UBM-MAP 7.21 0.0264 
UMPSK(1024) 7.45 0.0289 
TUPSK(2000) 8.07 0.0350 
TUPSK(4000) 7.87 0.0330 

TUPSK(8000) 7.58 0.0317 
UMPSK+TUPSK(2000) 7.26 0.0293 
UMPSK+TUPSK(4000) 7.09 0.0281 
UMPSK+TUPSK(8000) 6.98 0.0279 

UBM-MAP+ 
UMPSK+TUPSK(8000) 5.83 0.0234 

 
We can see that the single UMPSK model is slightly worse 

than the UMPSK model, and we can get the better 
performance with higher dimensional space and more 
computing time. After a linear combing the result of three 
models, we can get the best performance and the EER can be 
improved 19.1% compared with the UMB-MAP model. 
 

5. Conclusions 
We adopt the speaker independent character of the universal 
background model to construct a reference space for speaker 
recognition like the anchor model. An utterance can be located 
at one point in the reference space, and one speaker's all 
utterances consist in the speaker dependent region which is a 
small region of the whole space. The speaker dependent 
UBM-MAP-based reference space is also established in the 
same way. In our scheme, the SVM is used to separate this 
region from the whole space for its superior performance. We 
consider the transition information between the neighbor 
feature vectors and proposed the transition probabilistic 
sequence kernel. The results on 2001 NIST task show that our 
methods can get better performance when combined with the 
UBM-MAP for text-independent speaker recognition.  

In future work, we will consider the new way to construct 
the transition probability sequence kernel, and to find a more 
reasonable way to reduce the reference space dimension and 
get higher performance.  

 

6. Acknowledgements 
This work is supported by Educational Commission of Jiangxi 
Province of China (GJJ09139) and by Youth Foundation of 
Jiangxi Normal University.  

 

7. References 
[1]  V.Vapnik. "Statistical Learning Theory" Johm Wiley and Sons, 

New York, 1998 
[2]  Shai Fine, Jiri Navratil, and Ramesh A.Gopinath, "A hybrid 

GMM/SVM approach to speaker recognition," in Proc. of the 
International Conference on Acoustics, Speech, and Signal 
Processing, 2001 

[3]  W.M.Campbell, "Generalized Linear Discriminant Sequence 
Kernel for Speaker Recognition," in Proc. Of the International 
Conference on Acoustics, Speech, and Signal Processing, 161-
164, 2002. 

[4]  Hiroshi Shimodaira, Kenichi Noma, Mitsuru Nakai and Shigeki 
Sagayama, "Dynamic Time-Alignment Kernel in Support Vector 
Machine," NIPS, 2001, pp.921-928 

[5]  P.J.moreno and P.P.Ho, "A New SVM Approach to Speaker 
Identification and Verification Using Probabilistic Distance 
Kernels", in Eurospeech, 2003 

[6] W.M.Campbell, D.E.Struim, D.A.Reynolds. Support Vector 
Machine Using GMM Supervectors for Speaker Verification. 
IEEE Signal Processing Letters. Vol.13, No.5, MAY 2006. 308-
311 

[7]  Mikael Collet, Yassine Mami, Delphine Charlet, Frederic Bimbot, 
"Probabilistic Anchor Models Approach for Speaker 
Verification", in INTERSPEECH 2005. 

[8]  D.E.Sturim, D.A.Reynolds, E.Singer, and J.P.Campbell, "Speaker 
indexing in large audio databases using anchor models," in 
ICASSP 2001. 

[9]  Yassine Mami and Delphine Charlet, "Speaker Identification by 
location in an optimal space of anchor models," in International 
Conference on Spoken Language Processing, 2002 

[10] D.A.Reynolds and R.C.Rose, "Robust text-independent speaker 
identification using Gaussian mixture speaker models," IEEE 
Trans. Speech Audio Processing, 3:72-83, 1995. 

[11] D.A.Reynolds, T.Quatieri, and R.Dunn, "Speaker verification 
using adapted Gaussian mixture models," Digital Signal 
Processing, vol.10, no.1-3, 2000. 

[12] J.Platt, "Fast training of SVMs using sequential minimal 
optimization," Advances in Kernel Methods: Support Vector 
Learing, MIT press, Cambridge, MA, 1999. 

[13] R.Auckenthaler, M..Carey and H.L.Thomas, "Score 
Normalization for Text-Independent Speaker Verification 
Systems" Digital Signal Processing 10, 42-54, 2000. 

[14] Kong-Aik Lee, Changhuai You, Haizhou Li, and Tomi Kinnunen, 
“A GMM-based Probabilistic Sequence Kernel for Speaker 
Verification”, in Eurospeech, 2003 

[15] “The NIST 2001 speaker recognition evaluation plan,” 
http://www.nist.gov/speech/tests/spk/spk/2001.  

[16] Mitchell McLaren, Driss Matrouf1, Robbie Vogt, Jean-Francois 
Bonastre, “Combining Continuous Progressive Model 
Adaptation and Factor Analysis for Speaker Verification”, in 
interspeech, 2008 

 

1282


