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Abstract—This study proposes an approach to model a 

speaker’s voice by assuming that the voice can be decomposed 

into a speaker-dependent (SD) component and a 

speaker-independent (SI) component. Using the Universal 

Background Model (UBM) to approximate the characteristics 

of the SI component, we derive the SD component by finding the 

optimal combination of the two models that matches the given 

speech data. Results of the experiments conducted using the 

2001 NIST speaker recognition evaluation corpus demonstrate 

the superiority of the proposed approach over the conventional 

speaker verification based on GMM-UBM. 

 
Index Terms—GMM-UBM, speaker dependent, speaker 

independent, speaker verification.  

 

I. INTRODUCTION 

Speaker verification has long been an important research 

topic [1]-[14]. It is aimed to determine if a speaker is whom 

he or she claimed to be. Speaker verification mainly can be 

used in the three fields: authentication, surveillance and 

forensics. In the applications of authentication, speaker 

verification is also known as biometric person authentication. 

It serves as a key to access to a secure system. Compared to 

the conventional key or credit card that can be stolen or lost, 

or compared to the password that can be easily misused or 

forgotten, biometric person authentication is more safe and 

convenient. In the applications of surveillance, speaker 

verification can serve as a filter to extract the relevant 

information on the target person, and thereby provide 

personalized services.  In the forensic context, suspect's voice 

can be examined through the use of speaker verification, 

which helps to verify if he/she was talking.  

Speaker verification can be divided into two categories, 

namely text-dependent and text-independent, where the 

former requires that a speaker says the enrolled texts exactly, 

while the latter verifies a speaker's identity without constraint 

on the speech content. Text-independent speaker verification 

is generally more convenient than text-dependent speaker 

verification, since users can speak at their wills to the 

text-independent speaker verification system. However, the 

problem of text-independent speaker verification is more 

difficult than that of text-dependent speaker verification by 
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the fact that the former needs to handle the great diversity of 

speech content.  

To date, GMM-UBM (Gaussian Mixture Model - 

Universal Background Model) [5] is the most prevalent 

approach to text-independent speaker verification, out of its 

generalization ability to handle acoustic patterns not covered 

in a target speaker’s training speech. In the GMM-UBM 

framework, however, since a target speaker’s model is 

derived from a UBM trained using a large number of 

non-target speakers' speech, it may carry more voice 

information on non-target speakers than the target speaker. 

As a tendency, the system could falsely reject a target speaker 

if the resulting target speaker’s model is similar to the UBM. 

The aim of this work is to derive a target speaker’s model that 

captures voice characteristics more closely related to the 

target speaker. This is done by assuming that any speaker’s 

voice can be decomposed into speaker-dependent (SD) and 

speaker-independent (SI) parts. Using the UBM to 

approximate the generation of the SI part, we model the SD 

part by finding the optimal combination of the two models 

that forms the given speech data. 

The rest of this paper is organized as follows. Section II 

details the proposed approach of separated modeling of SD 

and SI vocal characteristics for text-independent speaker 

verification. Section III presents our experiments using the 

2001 NIST speaker recognition evaluation corpus. In Section 

IV, we conclude this work and indicate some possible future 

direction. 

 

II. METHODOLOGY 

As shown in Fig. 1, it is assumed that a specific person’s 

speech is the result of a speaker-dependent (SD) excitation 

source passing through a speaker-independent (SI) vocal 

system, in analogy to the well-known source–filter model of 

speech production. The SI vocal system is related to some 

general rules of pronunciation, while the SD excitation 

source is related to the speaking style of each individual 

person. Our aim is, thus, to characterize the SD excitation 

source as a speaker-specific model.  

Let X = {x1, x2,…, xT} be the cepstrum-based feature 

vectors extracted from a target person’s speech, and S = 

{s1,s2,…,sT} and V = {v1,v2,…,vT} be the unobservable 

counterparts of the SD excitation source and SI vocal system 

underlying X, respectively. Then, in the cepstral domain, xt = 

st + vt , 1  t  T. Suppose that the distributions of S and V can 

be, respectively, represented by GMMs s = {ws,i, s,i, s,i | 1 

 i  I }, and v = {wv,j, v,j, v,j | 1  j  J }, where ws,i and wv,j 
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are mixture weights; s,i and v,j are the mean vectors; and s,i 

and v,j are the covariance matrices. The optimal 

speaker-specific model s in a maximum likelihood sense is 
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where Pr(xt | i,j) accounts for the possible combination of the 

SD excitation source and SI vocal system that can form an 

instant speech feature xt. If we further assume that S and V 

are statistically independent, the probability Pr(xt|i,j) can be 

computed by 
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where N () denotes a Gaussian density function.  

Speaker-independent 

Vocal System

Speaker-dependent 

Excitation Source

A Specific 

Person's Speech
 

Fig. 1. The proposed model of generating a specific person’s speech. 

 

Although V is unobservable, its stochastic characteristics 

could be estimated using speech data from a large number of 

speakers. Specifically, we can pool all available feature 

vectors from non-target persons’ speech to train v via 

Expectation-Maximum (EM) algorithm [15], where v is 

equivalent to the so-called UBM. Given v, Eq. (1) can then 

be solved using the EM algorithm, which starts with an initial 

model s and iteratively estimates a new model s such that 

Pr(X|s,v)  Pr(X|s,v). The goal of increasing the 

probability Pr(X|s,v) can be achieved by maximizing the 

auxiliary function 
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Letting Q(s,s) = 0 with respect to each parameter to be 

re-estimated, we can show that [16] 
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where Tr denotes the transpose, and 
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When testing an unknown speech utterance, the system 

determines whether or not it is produced by the claimed 

speaker using 
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where Y is the utterance’s cepstrum-based feature vectors, 

and   is a pre-set threshold. Fig. 2 shows the block diagram 

of the proposed speaker-verification system. 

 

III. EXPERIMENTS 

A. Speech Data 

Our experiments were conducted using the 2001 NIST 

speaker recognition evaluation corpus [17]. The corpus 

contains 174 and 60 speakers in the defined "evaluation set" 

and "development set", respectively. The evaluation set was 

further divided into two subsets, one for training and one for 

testing. The training subset contains 2-min speech recorded 

from each speaker, and the testing subset contains 2038 
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speech utterances. Each utterance was evaluated against one 

target speaker and ten imposter speakers. Thus, there were a 

total of 2038 positive trials and 20380 negative trials. The 

development set, composed of 2-min speech per speaker, was 

used to create the UBM. Speech feature vectors, each 

consists of 15 Mel-Frequency Cepstral Coefficients (MFCCs) 

[18] were computed for every 16 ms using a 32 ms Hamming 

window. In addition, cepstral mean subtraction was applied 

to the MFCCs to reduce channel effects.  
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Fig. 2. Block diagram of the proposed speaker-verification system. 

B. Experiment Results 

First, the performance of the proposed system was 

assessed with respect to various numbers of mixture densities 

used in s and v. Table I shows the resulting minimum 

values of the detection cost function (DCF) evaluated 

according to [17]. We can see from Table I that the best 

performance of our system was achieved when using 32 and 

256 mixture densities in s and v, respectively.  
 

TABLE I: MINIMUM VALUES OF DCF OBTAINED WITH THE PROPOSED 

SYSTEM 

No. of 

Mixture 

Densities 

in v 

No. of Mixture Densities in s 

16 32 64 128 256 

64 0.0496 0.0438 0.0493 0.0496 0.0511 

128 0.0483 0.0432 0.0491 0.0490 0.0504 

256 0.0450 0.0421 0.0484 0.0488 0.0493 

512 0.0466 0.0429 0.0481 0.0476 0.0471 

Then, we compared our system with the GMM-UBM 

system. Following [7], the number of mixture densities used 

in the GMM-UBM system was set to 1024, and only mean 

vectors were adjusted during the adaptation. Fig. 3 shows the 

DET curves obtained with the GMM-UBM system and our 

system using 32 and 256 mixture densities in s and v, 

respectively. It is clear from Fig. 3 that the proposed system 

consistently yields lower false alarms probability and miss 

probability than those of the GMM-UBM system. In 

particular, our system significantly reduces the probability of 

falsely rejecting a target speaker. This confirms the 

superiority of the proposed system over the GMM-UBM 

system. 

 

 
Fig. 3. DET curves obtained with the GMM-UBM system and our system 

using 32 and 256 mixture densities in s and v, respectively. 

 

IV. CONCLUSION 

In this study, we have assumed that each speaker’s voice 

can be decomposed into an SD part and an SI part and used 

the UBM to characterize the SI part. We have also derived 

the formulae to model the SD part by finding the optimal 

combination of the two models that forms the specific 

speaker’s voice. Our experiments conducted using the 2001 

NIST speaker recognition evaluation corpus demonstrate the 

superiority of our approach over the popular one based on 

GMM-UBM.  

Although the proposed separated modeling of SI and SD 

vocal characteristics for text-independent speaker 

verification is feasible, it does not consider the cases that 

speech utterances are corrupted by noises and channel 

distortion. Thus, in the future, we will try to derive the 

formulae to model the SD part with the integration of 

environmental factors. A number of techniques [19]-[25] 

could be integrated into our formulation. 
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