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ABSTRACT

This paper presents methods for supervised and unsupervised

speaker adaptation of Gaussian mixture speaker models in text-

independent speaker verification. The methods are based on an

approach which is able to decompose speaker and channel vari-

ability so that progressive updating of speaker models can be per-

formed while minimizing the influence of the channel variability

associated with the adaptation utterances. This approach relies on

a joint factor analysis model of intrinsic speaker variability and

session variability where inter-session variation is assumed to re-

sult primarily from the effects of the channel [1]. These adaptation

methods have been evaluated under the adaptation paradigm de-

fined under the NIST 2005 speaker recognition evaluation plan

which is based on conversational telephone speech [2]. It was

found that when both target speaker model training and speaker

verification trials were performed using a five minute excerpt from

a single conversation, an equal error rate (EER) of 4.5% and min-

imum detection cost function (DCF) of 0.013 were obtained when

performing unsupervised speaker adaptation during evaluation. It

will be shown that this performance is comparable to that obtained

by state of the art speaker verification systems that rely on a larger

set of features and are trained from as many as eight conversations

from the target speaker.

1. INTRODUCTION

Many of the recent advances in Gaussian mixture model (GMM)

based speaker verification have come from the development of

techniques for reducing the impact of sources of inter-session vari-

ability on speaker models. These include feature warping tech-

niques designed to produce input feature vectors that have a better

fit to a cummulative distribution function [3]. They also include

score normalization techniques like the z-norm and t-norm which

reduce the variability of the likelihood ratio scores that are used in

the speaker verification decision criterion [4].

Inter-session variability is known to be particularly problem-

atic when unsupervised speaker adaptation is used to progres-

sively update target speaker models for each potential trial utter-

ance during verification. Care must be taken to prevent the adap-

tation update for a trial utterance from simply providing a better

representation of the channel characteristics associated with that
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particular utterance rather than improving the model representa-

tion of the speaker. This is an important and interesting problem

in speaker verification because it is well known that major per-

formance improvements can be obtained by progressive speaker

adaptation [5, 6] and there is no obvious alternative way of deal-

ing with the notorious ageing problem whereby the performance

of speaker models degrades over time. Although NIST has en-

couraged participants in the recent annual speaker evaluation cam-

paigns to experiment with speaker adaptation, progress has been

slow and few researchers have taken up the challenge [7, 8].

The adaptation procedure presented in this paper is based on a

factor analysis approach to GMM based speaker verification [1].

The important aspect of this approach from the standpoint of

model adaptation is that it is based on a model that accounts for

speaker and session or channel variability by two sets of latent

variables called speaker factors and channel factors as summarized

in Section 2. As a result of this decomposition, speaker adaptation

can be performed by updating a set of speaker dependent hyper-

parameters as each adaptation utterance is collected and ignoring

the channel effects in the various recordings. Section 3 describes

how we implement this strategy. Finally, a description of the ex-

perimental study and a summary of the results for both scenarios

is provided in Section 4.

Both supervised and unsupervised speaker adaptation scenar-

ios for text-independent speaker verification are investigated in this

paper. The verification tasks are based on the NIST 2005 speaker

recognition evaluation plan which uses the conversational tele-

phone speech data collected for the Mixer Corpus by the Linguis-

tic Data Consortium [2]. The unsupervised adaptation experiments

were performed on the core test data according to the specifications

given in the NIST 2005 plan for this scenario [2]. This involved

using a single five minute conversation to train target speaker mod-

els. Speaker verification and progressive speaker model adaptation

was then performed on conversation length trial utterances from

the target speaker that were randomly interspersed with imposter

speaker utterances.

A supervised adaptation scenario was also implemented to

provide an indication of the best performance that could be

achieved under the NIST unsupervised adaptation scenario. We

used the 8 conversation side test set for this experiment. We trained

an initial model for each target speaker using the first enrollment

utterance and updated it successively with the remaining 7 conver-

sation sides using our progressive adaptation algorithm. We then

evaluated the target speaker models obtained in this way using the

test utterances provided in the 8 conversation side test set.
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2. FACTOR ANALYSIS

This section provides a brief introduction to the joint factor anal-

ysis model for GMM based speaker verification [9, 10, 11, 12].

First, the joint factor analysis model is summarized in Section 2.1

as a means for describing speaker and channel dependent GMMs

using hidden variables known as speaker and channel factors.

Then, Section 2.2 discusses the estimation of both the speaker-

independent and speaker-dependent hyperparameter sets that form

the factor analysis model.

2.1. Speaker factors and channel factors

Gaussian mixture models have become the most commonly

used representation for text-independent speaker recognition and

speaker verification. The work described in this paper relies on a

GMM based speaker verification system where speakers are repre-

sented by the means, covariance matrices, and weights of a mixture

of C multivariate diagonal-covariance Gaussian densities defined

over an F dimensional feature space. The GMM parameters for a

particular target speaker are estimated by adapting the parameters

of a universal background model (UBM), which is a C component

GMM trained from a large speaker population, using utterances

from the target speaker.

Assuming that a C component GMM in an F dimensional

feature space is used to characterize a speaker s, it is convenient to

describe the speaker by concatenating the GMMmean vectors into

a CF dimensional super vector which we denote by s. In order

to incorporate channel effects into the model, allowing for the fact

that there will be many utterances from speaker s taken from many

different channels, we will use the notationM to refer a speaker

and channel dependent super vector. We assume that M can be

decomposed into speaker-dependent and channel-dependent super

vectors,

M = s + c. (1)

In Equation 1, s is the speaker-dependent super vector which is in-

dependent of session variations and c is a channel-dependent super

vector. Both s and c are assumed to be normally distributed.

Kenny et al. have described a factor analysis model for speaker

verification where both the speaker and channel and super vectors

can be represented in separate low dimensional subspaces [11]. A

simplified version of this model is used here to facilitate speaker

adaptation within the factor analysis framework for speaker veri-

fication. The simplified factor analysis model assumes that only

the channel-dependent super vector is represented in a low dimen-

sional channel space. The speaker-dependent super vector is rep-

resented as

s = m + dz. (2)

where the hyperparametersm and d are estimated from a large an-

cillary training set and and z is speaker-dependent random vector

assumed to have a standard normal distribution. In Equation 2,m

is the speaker-independent super vector. In our case, the ancillary

data corresponds to the concatenated mean vectors of the universal

background model (UBM) that is trained from a large population

of “background speakers.” If enrollment data for a speaker is given

and channel effects are ignored, then a point estimate of z and

hence of s can be obtained from the enrollment data by classical

MAP estimation.

The super vector c which represents the channel effects in an

utterance, is assumed to be distributed according to

c = ux (3)

where u is a rectangular matrix of low rank and x has a standard

normal distribution. The entries of x are known as channel fac-

tors. This is equivalent to saying that c is normally distributed

with mean 0 and covariance matrix uu∗. Given an utterance by a

speaker whose super vector s is known, a point estimate of x and

hence of c can be obtained by eigenchannel MAP estimation.

In practice, channel effects cannot be ignored in estimating

s from Equation 1 and s is not known in estimating c. To get

around this difficulty, a Gauss-Seidel type iterative procedure is

proposed in [13]. The solution used here involves calculating the

joint posterior distribution of the hidden variables z and x [10],

and is briefly described in the appendix. In order to fully specify

the model, we also need a residual diagonal covariance matrix Σ

(of dimension CF × CF ) whose role is to model the variability

which is not not captured by s and c.

2.2. Speaker-independent and Speaker-dependent hyperpa-
rameter estimation

The hyperparametersm, u and d model the prior distribution of a

GMM super vectorM : s is normally distributed with expectation

m and covariance matrix d2, and c is normally distributed with

expectation zero and covariance matrixuu∗. We will refer to them

as speaker-independent hyperparameters.
In order to describe our progressive adaptation algorithm we

have to introduce speaker-dependent hyperparameters m(s) and
d(s)which are estimated using some enrollment data for a speaker
s and used to model the posterior distribution of a speaker-specific

super vector s. The assumption is that

s = m(s) + d(s)z. (4)

Thus in the posterior distribution, we assume that s is assumed

normally distributed with expectation m(s) and covariance ma-
trix d2(s). Whereas in Equation 2, d models the variability of the
speaker population as a whole, d(s) models the residual uncer-
tainty in the point estimate of s that arises from the fact that the

enrollment data is of limited duration.

In order to estimate the speaker-independent hyperparameter

set (m, u, d and Σ) or Λ for short, we use a large ancillary train-

ing set and the EM algorithms described in [11, 14]. The training

data set is based on: the LDC releases of Switchboard II, Phases

1, 2 and 3; Switchboard Cellular, Parts 1 and 2; the Fisher English

Corpus, Part 1 and the NIST 2004 evaluation data. We chose only

those speakers for whom multiple recordings (6 or more) were

available in order to model channel variability properly. The fe-

male training data contains 612 speakers and 6764 conversation

sides, and the male training data contains 463 speakers and 5254

conversation sides.

In estimating the speaker-independent hyperparameters, we

skipped the ‘adaptation to the target speaker population’ step in

the Section 3 of [11], in order to follow the NIST evaluation proto-

col. However, this step applied in the case of a single speaker is the
fundamental idea used to estimate the speaker-dependent hyperpa-

rameters Λ(s) for each target speaker s. Simply stated, the initial
hyperparameters come from Λ. We fix the speaker-independent u

and Σ, and re-estimate the speaker-dependent m and d using the

incoming utterance of the target speaker s.

2 2006 IEEE Odyssey – The Speaker and Language Recognition Workshop
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The likelihood function that we use to make verification de-

cisions and the enrollment procedure which we use to estimate

the posterior distribution of a target speaker’s super vector s are

the same as in [12]. The posterior calculation needed for enroll-

ment is summarized in the appendix. The only difference is that in

progressive speaker adaptation, we use the speaker-dependent hy-

perparameters as the starting point for enrolling a target speaker

rather than the speaker-independent hyperparameters (as in the

non-adaptive case [12].

3. PROGRESSIVE SPEAKER ADAPTATION

The algorithm used for progressive speaker adaptation is

the speaker dependent hyperparameter estimation algorithm

from [10]. A speaker dependent hyperparameter set Λ(s) is up-
dated for the factor analysis model, whenever a new utterance by

the speaker becomes available. The algorithm is summarized in the

following theorem which is a special case of Theorem 10 in [10].

The likelihood function PΛ in the statement of this theorem is the

factor analysis likelihood function defined in [10].

Theorem: Suppose we are given a speaker s, a hyperparameter set
Λ0 where Λ0 = (m0, u0, d0,Σ0) and a recording X . Let Λ(s)
be the hyperparameter set (m(s), u0, d(s),Σ0) where

m(s) = m0 + d0µz(s)

d(s) = d0K
1/2
zz

(s) (5)

and µz(s) and Kzz(s) are the posterior expectation and covari-
ance of z calculated using Λ0 (as explained in the appendix).
Then PΛ(s)(X ) ≥ PΛ0

(X ).
Taking Λ0(s) to the speaker-independent hyperparameter set

and applying this recursively we obtain a sequence of speaker de-

pendent hyperparameter sets Λ1(s),Λ2(s), . . . as follows:

mi(s) = mi−1(s) + di−1(s)µz

di(s) = di−1(s)K
1/2
zz

(6)

where the posterior expectations and covariances are calculated us-

ing Λi−1(s), for i = 1, 2, . . .. For each iteration i,mi(s) repre-
sents the estimate of the speaker’s super vector after the ith record-

ing of the speaker has been collected and d2
i (s) represents the un-

certainty in this estimate. It can easily be shown that d2
i (s) → 0

as the amount of adaptation tends to infinity, as one would expect.

The key practical issue in using this algorithm in unsupervised

speaker adaptation is to decide when to update a speaker model

using a given utterance. For a given task, the optimal threshold

for this may not be the same as the threshold which optimizes the

NIST detection cost function for the task as a whole!

Another problem that arises is in how to apply t-norm in situa-

tions where the models for imposter speakers have been estimated

using varying numbers of recordings (rather than with a fixed num-

ber of recordings such as 1 or 8 as in traditional NIST evaluations).

Our experience has been that a straightforward implementation of

t-norm does not give good results in this situation when it is used

in conjunction with the likelihood function that we use for making

verification decisions. The problem might come from a side-effect

of progressive adaptation which has previously been reported in

text-dependent speaker verification [5, 6], namely that verifica-

tion scores tend to drift as the amount of adaptation data increases

which makes it difficult to normalize them. Our principal moti-

vation for experimenting with the supervised adaptation scenario

was to avoid having to confront this problem at the outset.

4. EXPERIMENTS

The unsupervised adaptation results that we report were obtained

on the core condition of the NIST 2005 evaluation using all of the

trials in this condition rather than the ‘common’ subset [2] and

the supervised adaptation results were obtained on 8 conversation

side condition. For the core condition we carried out in the trials

by following the training and test utterance designations given by

NIST.

In all experiments, gender-dependent UBM’s were used with

2048 Gaussians and 26 dimension acoustic feature vectors con-

sisted of 13 Gaussianized cepstral features and their first deriva-

tives. Both equal error rates (EER) and the minimum values of the

NIST detection cost function (DCF) are reported where both were

obtained in both supervised and unsupervised speaker adaptation

scenarios.

4.1. Supervised speaker adaptation

In our supervised speaker adaptation experiments we used the data

from the ‘8 conversation 2-channel’ condition of the NIST 2005

evaluation, with a total of 2230 target trials and 21,216 non-target

trials. The first conversation side for each speaker s is used to ob-

tain an initial estimate of speaker-dependent hyperparameter set

Λ(s) as described in Section 3, then the remaining conversation
sides are used to update Λ(s) for seven iterations before perform-
ing the prescribed verification tests. A combination of the z-norm

and t-norm, called zt-norm, was used to normalize the likelihood

ratio scores [13].

Channel Factors Adaptation EER DCF

25 supervised 3.39% 0.0113

25 non-adaptive 6.9% 0.0221

100 supervised 3.12% 0.0099

100 non-adaptive 6.44% 0.0193

Table 1. Results on the ‘8 conversation 2 channel’ test set ob-
tained without adaptation (1 enrollment utterance) and with su-
pervised speaker adaptation (8 enrollment utterances). zt-norm
score normalization. All trials, male and female.

Table 1 shows the results for supervised speaker adaptation in

terms of both EER and DCF. Both systems shown in the table use

zt score normalization. Using 100 channel factors gave an EER of

3.12% and a minimum value of DCF of 0.0099. Considering that

we use only short term acoustic features in our system, these are

very interesting results. For comparison, the best results obtained

in the 2005 NIST Speaker Recognition Evaluation using 8 conver-

sation sides, namely an EER of 3.02% and ‘hard decision’ DCF

of 0.0097 (all trials, male and female), was obtained by the SRI-2

system.

The main point of Table 1 is to compare the results obtained

with and without using speaker adaptation. The ‘non-adaptive’

results in the table refer to the case where a single utterance is used

to enroll each target speaker. For the same numbers of channel

factors using the same zt score normalization, both EER and DCF

drop by half as a result of supervised adaptation. This shows that

the hyperparameter update algorithm described in Section 3 has

2006 IEEE Odyssey – The Speaker and Language Recognition Workshop 3
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Fig. 1. DET curves for various adaptation thresholds used in the
unsupervised speaker adaptation. Joint factor analysis with 25
channel factors. z-norm score normalization. All trials, male and
female.

been properly implemented and is potentially very effective for

unsupervised speaker adaptation.

4.2. Unsupervised speaker adaptation

We used the core condition data (‘1 conversation 2-channel’) in

the NIST 2005 evaluation data as the test set for our unsupervised

speaker adaptation experiments. This consists of 2771 target trials

(1231 for male trials and 1540 for female trials) and 28, 472 non-

target trials (12, 317 for male trials and 16, 155 for female trials).

The verification scores for all trials are calculated and the normal-

ized scores are compared with a common threshold which we will

refer to as the adaptation threshold. If the score is higher than the
adaptation threshold, the corresponding trial is allowed for speaker

adaptation before performing the next trial. This threshold is not

the same as the threshold which is used to minimize the value of

the NIST detection cost function and which we will refer to as the

decision threshold; rather each value of the adaptation threshold
results in a different DET curve as shown in Fig. 1. The trials for

each target speaker are performed in a fixed order given by NIST

to follow the NIST evaluation protocol. DET curves in both un-

supervised adaptation mode and in non-adaptive mode (adaptation

threshold =∞) are shown and the results are summarized in Table

2.

These results were obtained with 25 channel factors and z-

norm score normalization. Note that decreasing the adaptation

threshold, which increases the amount of enrollment data for tar-

get speakers, initially improves the values for both EER and DCF.

However, Table 2 also shows that the performance degrades once

the the adaptation threshold becomes low enough so that a signif-

icant number of non-target utterances are used for adaptation. Ta-

Adaptation Threshold EER DCF

∞ 7.5% 0.027

7.5 7.2% 0.025

5.5 6.5% 0.022

3.5 5.9% 0.018

1.5 9.2% 0.035

Table 2. Performance for various adaptation thresholds used in
unsupervised speaker adaptation. Joint factor analysis with 25
channel factors. z-norm score normalization. All trials, male and
female.

ble 3 shows the number of target and non-target utterances that are

used for speaker adaptation as the adaptation threshold is varied

over a range from 1.5 to∞.

Adaptation No. targets No. non-targets

Threshold accepted accepted

∞ 0 0

7.5 966 4

5.5 1764 10

3.5 2443 205

1.5 2565 4066

Table 3. Comparison of the number of target and non-target ut-
terances accepted for speaker adaptation using different values of
adaptation threshold. All trials, male and female. Joint factor
analysis with 25 channel factors. z-norm score normalization.

The best adaptation threshold value we found used for all tri-

als was 3.5 which provides an EER of 5.9% and a minimum DCF

of 0.018. This performance may perhaps represent a slightly op-

timistic estimate of the performance obtained for a priori thresh-

old settings. In any speaker verification system using progressive

speaker adaptation, two thresholds have to be determined. These

are the adaptation threshold which determines when an utterance

will be used to update a target speaker model and the decision

threshold which determines how to make a hard decision about

whether or not to reject a claimant. There is no a priori reason to
believe that these two thresholds should be the same because the

decision threshold is largely determined by the parameters which

specify the NIST detection cost function.

Adaptation Normalization EER DCF

supervised zt-norm 3.4% 0.011

unsupervised z-norm 5.9% 0.018

Table 4. Supervised speaker adaptation results using zt-norm
score normalization and the best unsupervised speaker adapta-
tion results using an adaptation threshold 3.5 and z-norm score
normalization. Joint factor analysis with 25 channel factors. All
trials, male and female.

Results obtained with supervised adaptation and 25 channel

factors of our supervised test set (i.e. ‘8 conversation 2 channel’)

are given in Table 4. They are better than the results obtained in our

unsupervised experiment but this is only to be expected since su-

pervised adaptation is bound to perform better than unsupervised.

4 2006 IEEE Odyssey – The Speaker and Language Recognition Workshop
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This comparison also raises the question of whether t-norm

or zt-norm might prove useful in speaker adaptation. If t-norm

or zt-norm is applied for the results obtained using an adaptation

threshold of 3.5, t-norm does not work well as discussed in Sec-

tion 3; however, zt-norm still gives good results with an EER of

4.5% and a minimum DCF of 0.013. It is interesting since zt-norm

combines the idea of z-norm and t-norm by implementing z-norm

followed by t-norm [13], and there is no phenomenon of an obvi-

ous abnormal drift in verification scores as occurred in the case of

t-norm. One possible reason might come from z-norm which com-

pensates the side effect of progressive adaptation in the situation

using zt-norm. A comparison for all the speakers in the test set

that we used for our unsupervised adaptation experiments is given

in Table 5. (Note that for the non-adaptive results, there is just one

enrollment utterance per speaker in this case rather than eight.)

In order to make a fair comparison with supervised speaker adap-

tation, perhaps the unsupervised adaptation results using a large

number of channel factors, such as 100, should be generated.

Adaptation Normalization EER DCF

unsupervised z-norm 5.9% 0.018

unsupervised zt-norm 4.5% 0.013

non-adaptive z-norm 7.8% 0.027

non-adaptive zt-norm 6.9% 0.022

Table 5. Joint factor analysis with 25 channel factors. All trials,
male and female. Non-adaptive results (obtained with a single en-
rollment utterance) and the best unsupervised speaker adaptation
results obtained using an adaptation threshold of 3.5.

5. DISCUSSION

The main contribution of this paper is to propose an effective way

to do speaker adaptation in factor analysis based speaker verifi-

cation. In our supervised adaptation experiments we showed that

substantial improvements in performance could be obtained by im-

plementing our progressive adaptation algorithm with 8 utterances

per speaker when compared with using a single enrollment utter-

ance. Both equal error rates (EER) and minimum values of the

NIST detection cost function (DCF) can be reduced by half as re-

ported in Table 1. We obtained our best results using 100 channel

factors: an EER of 3.12% and a minimum detection cost of 0.0099

which compares favorably with state of the art results on the NIST

extended data tasks.

In the unsupervised speaker adaptation experiments, we ob-

tained an EER of 5.9% and a minimum DCF of 0.018 using z-

norm and an EER of 4.5% and a minimum DCF of 0.013 using

zt-norm, a substantially better result than we were able to achieve

with non-adaptive speaker verification on the same data set.

Perhaps the most important open question concerns score nor-

malization. Currently we just use the z and zt score normalization

for unsupervised speaker adaptation and we are investigating the

use of t-norm. We hope that techniques such as Frame Count De-

pendent Thresholding will prove to be effective [6] in t-norm, and

further improve the performance using zt-norm. If the side ef-

fect of unsupervised progressive adaptation using t-norm comes

from different amount of adaptation data for each speaker model,

a new idea of adaptive t-norm is worth investigating which adapts

the t-norm models as well as adapting the speaker models during

verification.
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A. APPENDIX

In this appendix we summarize the calculations needed to evalu-

ate the joint posterior distribution of the hidden variables x and z

given a single utterance for a speaker. First some notation. For

each mixture component c, let Nc be the total number of observa-

tion vectors in the utterance for the given mixture component and

set

Fc =
X

t

Xt (7)

where the sum extends over all observations Xt aligned with the

given mixture component. LetN be the CF × CF diagonal ma-

trix whose diagonal blocks are NcI (for c = 1, . . . , C) where I is

the F × F identity matrix. Let F be the CF × 1 vector obtained
by concatenating Fc (for c = 1, . . . , C). If

X =

„

x

z

«

then the posterior distribution ofX is Gaussian of the same form

as the posterior distribution described in Proposition 1 of [9].

Specifically, if V and L are the matrices defined by

V =
`

u d
´

(8)

L = I + V
∗

Σ
−1

NV . (9)

then the posterior distribution of X has covariance matrix L−1

and meanL−1V ∗

Σ
−1(F −Nm). Thus calculating the posterior

distribution ofX is essentially a matter of inverting the matrix L.

A straightforward calculation shows that L can be written as

„

I + u∗

Σ
−1Nu u∗

Σ
−1Nd

dNΣ
−1u I + Σ

−1Nd2

«

. (10)

So L−1 can be calculated by using the identity

„

α β

β∗ γ

«

−1

=

„

ζ−1
−ζ−1βγ−1

−γ−1β∗ζ−1 γ−1 + γ−1β∗ζ−1βγ−1

«

where

ζ = α − βγ
−1

β
∗

with

α = I + u
∗

Σ
−1

Nu

β = u
∗

Σ
−1

Nd

and γ = I + Σ
−1

Nd
2
.

Of course, since the dimensions of L are enormous (namely

(CF + RC) × (CF + RC) where RC is the rank of u), care

has to be taken to evaluate only those entries of L−1 which are

actually needed.
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