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Abstract

This paper presents an investigation into the relative effective-
ness of various score normalisation methods for open-set, text-
independent speaker identification. The paper describes the
need for score normalisation in this case, and provides a
detailed theoretical and experimental analysis of the methods
that can be used for this purpose. The experimental investiga-
tions are based on the use of speech material drawn from 9
hours of recordings of different Broadcast News. The results
clearly demonstrate the significance of improvement offered by
score normalisation. It is shown that, amongst various normali-
sation methods considered, the unconstrained cohort nor-
malisation method achieves the best performance in terms of
reducing the errors associated with the open-set nature of the
process. Furthermore, it is demonstrated that both the cohort
and world model methods can offer very similar effectiveness,
and also outperform the T-norm method in this particular case
of speaker recognition.

1. Introduction

Given a set of registered speakers and a sample utterance,
open-set speaker identification is defined as a twofold problem.
Firstly, it is required to identify the speaker model in the set,
which best matches the test utterance. Secondly, it must be de-
termined whether the test utterance has actually been produced
by the speaker associated with the best-matched model, or by
some unknown speaker outside the registered set. The diffi-
culty in this problem exasperate if speakers are not required to
provide utterances of specific texts during identification trials.
In this case, the process is referred to as open-set, text-indepen-
dent speaker identification (OSTI-SI). This is the most challen-
ging class of speaker recognition, and has a range of potential
applications. Examples are surveillance, forensics and docu-
ment retrieval.

The inherent complexity of OSTI-SI is primarily attributed to
the stage where the decision is made to declare the test utte-
rance as not belonging to any of the known speakers. The rea-
son is that this stage is highly susceptible to undesired varia-
tions in speech characteristics due to anomalous events. These
anomalies can have different forms ranging from the communi-
cation channel and environmental noise to uncharacteristic
sounds generated by the speaker. The resultant variations in
speech cause a mismatch between the corresponding test and
pre-stored voice patterns which in turn lead to a significant re-
duction in the effectiveness of the system. In practice, it is im-
possible to gather accurate information on the existence, level
and nature of many speech distortions. In such cases, the most
effective way to deal with this problem is known to be score
normalisation [1-7].

This paper presents an analysis of various score normalisation
methods for the purpose of OSTI-SI, and details a comparative
evaluation of the effectiveness of these. It should be pointed
out that the normalisation methods considered here have pre-
viously been investigated in the context of speaker verification
[1-7]. However, the nature of the problem here is somewhat
different from that of speaker verification and therefore, it is

not possible to foresee the outcome of this study from those of
the speaker verification studies.

The paper is organised in the following manner. The next sec-
tion looks at open-set identification from a mathematical per-
spective. The considered score normalisation methods are de-
tailed in Section 3. Section 4 describes the database used for
the experimental investigation and provides details on the ado-
pted speaker modelling methods. The experimental work to-
gether with the results are also discussed in this section. The
overall conclusions are presented in Section 5.

2. Open-set speaker identification

Suppose that N speakers are enrolled in the system and their
statistical model descriptions are Ay, A,,..., Ay. If O denotes the
feature vectors sequence extracted from the test utterance then
the open-set identification can be stated as follows:

argmax{p(O| A
max{p(0[1,)} 26 > O e{ e tro13,)} 1)
ten<N unknown speaker model

where @1is a pre-determined threshold. In other words, O is as-
signed to the speaker model that yields the maximum likeli-
hood over all the speaker models in the system, if the maxi-
mum likelihood score itself is greater than the threshold 6.
Otherwise, it is declared as originated from an unknown
speaker. It is evident from the above description that, for a
given 6, three types of errors are possible:

e O, which belongs to A, not yielding the maximum like-
lihood for A,,.

e Assigning O to one of the speaker models in the system
when it does not belongs to any of them.

e Declaring O which belongs to, and yield the maximum
likelihood for, A, as originated from an unknown
speaker.

For the purpose of this paper these error types are referred to as
OSIE, OSI-FA and OSI-FR respectively (where OSI, E, FA and
FR stand for open-set identification, error, false acceptance and
false rejection respectively).

Further to the discussions in Section 1, and based on equation
(1), the two-stage process in open-set identification can be
reiterated as follows. For a given O, the first stage determines
the speaker model that yields the maximum likelihood, and the
second stage makes the decision to assign O to the speaker
model determined in the first stage or to declare it as originated
from an unknown speaker. Of course, the first stage is re-
sponsible for generating OSIE whereas, both OSI-FA and OSI-
FR are the consequences of the decision made in the second
stage.

The important point to note in this two-stage process is that the
latter stage is far more susceptible than the former stage to dis-
tortions in test speech characteristics. This is because, in the
former stage, since the same test utterance is used to compute
all the likelihood scores, the distortions in the test utterance are
likely to be reflected in all the likelihood scores. As a conse-



quence, the selection of the model that yields the maximum
likelihood is likely to be unaffected. On the other hand, in the
second stage, the absolute maximum likelihood score is com-
pared against a threshold determined a priori and without any
knowledge about the characteristics of the distortion in the test
utterance. This inherent difficulty in the second stage is the
primary focus of this paper. In particular, score normalisation
techniques are considered here to tackle this problem. The
details of these methods and related issues are discussed in the
next section.

It should be pointed out that a task similar to that described
above (in the second stage of open-set identification) is also
encountered in speaker verification (SV). However, in the case
of SV, the problem is not as challenging. To be more specific,
the challenge in open-set identification can be viewed as a
special (but unlikely) scenario in speaker verification in which
each impostor targets the speaker model in the system for
which he/she can achieve the highest score. This point is fur-
ther illustrated by Figure 1 which shows typical score distribu-
tions associated with these two forms of speaker recognition
under the same experimental condition. As observed, the over-
lapping between the score distributions for unknown and kno-
wn speakers in open-set identification is considerably greater
than that between the corresponding score distributions in
speaker verification.

Known Speaker
Unknown Speaker (Open-set Speaker Identification)

(Open-set Speaker Identification)
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(Speaker Verification) o True Speaker
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Figure I: Score distributions associated with the speaker veri-
fication and the second stage of open-set speaker identification.

3. Score normalisation

3.1. Bayesian solution

In the probabilistic view, the decision rule for the second stage
of open-set identification can be expressed as follows.

ML

PQM 10) Z P(LY |0) — Oe{lU 2)

where AM =argmax{p(0|%,)} and AV is the model repre-

1<n<N
senting the unknown speakers. By applying the Bayes’ theorem
to the inequality in (2), it can be shown that

ML 18] )\‘ML
P(0|7~U)>P(7~ML) L 0c

p(O[AY) < PQ™) A
where /(0) = p(O|A™)/p(O | 1Y) is the score to be comput-

ed in this stage and P(AY)/ P(A™") is the threshold that has to

be determined a priori. In practice, a more convenient form of
representing the above score is

L(0) = log p(O | ") ~log p(O | 1.") “4)

3)

In order to realise the benefit of this Bayesian solution fully,
p(OAY) has to be determined accurately. However, A” which
represents the model for unknown speakers is unavailable in
practice. Therefore, the best option is to determine an appro-
priate replacement for p(OA") so that, at least, some of the
benefits of the resulting Bayesian solution can be retained. A
situation similar to this also occurs in speaker verification. In

that case, the Bayesian solution yields the following score for
making the final decision [2,5]:

Ly, (0) =log p(O 1) ~log p(O[1") ®)

where A is the model associated with the claimed identity and,
A' is the impostor model which is, in fact, unavailable in prac-
tice. In speaker verification, in order to tackle this problem,
various techniques have already been proposed [1-7]. Based on
these techniques, three methods can be derived to deal with the
problem described above for open-set speaker identification.
These methods are as follows.

o World model normalisation (WMN)

This technique is based on approximating p(OJA”) with
Pp(OA™), where A" is a model generated using utterances
from a very large population of speakers (such a model is com-
monly referred to as world model).

o Cohort normalisation (CN)

In this method, each enrolled speaker is associated with a co-
hort of speakers whose models are most competitive with the
model of that enrolled speaker. Here, the competitiveness of any
two speaker models is determined in terms of how close they
are in the speaker space. The entire cohort selection is carried-
out prior to the test phase and log p(O|\") is computed as:

K
Pex (O K)=(1/K) Y logp(O[h i) (6)
where fAM", 1) # fAM,j) if i # and, ;“/'(AMLJ)’ l/(lML’z) yeres
A  are the cohort speaker models associated with AM".

soME K

o Unconstraint cohort normalisation (UCN)

Unlike the previous two methods, this method does not require
any additional processing such as model generation/association
prior to the test phase. Here, logp(O[A") is replaced with

K
Puen(OAK) = (1/K)Y log p(O | &y, (7

where, (i) # #j) if i #j and, Ay1), Ayo), ..., Ayk) are the models
which yield the next K highest likelihood scores to p(OA™).
This method can also be viewed as a special case of CN me-
thod where the required cohort of speakers is chosen according
to their closeness to the test utterance.

The overall effectiveness of the above score normalisation
methods depends on two criteria: (1) ability to compensate for
distortions in the test utterance, (2) ability to produce the un-
known speaker scores that are smaller than the known speaker
scores. The CN method is the primary candidate to deal with
the first criterion. This is because, it is expected that the cohort
models which are highly competitive with A", would better
replicate the way in which p(O[A™") is affected by the dis-
tortions in the test utterance. It is also expected that the UCN
method to be almost as effective as the CN method in dealing
with first criterion. This is due to the fact that, if O € A, and
AM = A, the cohort speaker models chosen in the UCN me-
thod using O, would be almost the same as the cohort speaker
models chosen in the CN method based on their closeness to
An. This implies that the relative effectiveness of the CN and
UCN methods is largely dependent on second criterion.

The WMN method is expected to be very competitive with the
UCN method. The reason is that the world model encodes each
group of similar speakers into the same set of mixtures (it is
assumed that the world model, A", is represented by using
Gaussian mixtures). As a result, in the generation of p(OJA™™)
there are heavier contributions by sets of mixtures that encoded
the groups of speakers to whom O is closer.



3.2. Standardising a score distribution

The methods in this category, like the score normalisation me-
thods described in the previous section, are originally proposed
for speaker verification. In their original form, they aim to
transform each form of the impostor score distribution, result-
ing from a different test condition, to a standard form. The rea-
son for operating on the impostor score distribution, rather than
on the true speaker score distribution, is to obtain more reliable
estimates for the transformation parameters. Further details of
the two main methods in this category are given below. In both
of these methods, the impostor score distributions are assumed
to be Gaussian.

o Zero normalisation (Z-norm)

In this case, the score normalisation is performed according to
the following equation

L,(0) = oz p(0 1)~ 1,0 0(0)}/5,(G5.000)  (®)
where g(:,-) and o-,-) are specific to the model associated
with the claimed identity and represent the mean and standard
deviation of the impostor score distribution for the operating
condition given by @(O). In the training phase, the pair {z(-,"),
o(:,)} is computed for each registered speaker in each
considered operating conditions using a set of development
impostor utterances. In this method, a scheme has to be devised
to detect the operating condition in the test phase [6]. It should
be noted that this normalisation technique has been
successfully applied to tackle the problem caused by handset
mismatch in speaker verification (in this case, the method is
specifically known as handset normalisation or H-norm [6]).
One obvious weakness of this method is that it cannot be used
effectively in an unknown operating condition.

o Test normalisation (T-norm)

This method does not require any explicit knowledge of the
operating condition. It uses a set of example impostor models
to determine the required parameters in the test phase, more
formally:

1,(0) = og p(0 1) - 1,(0) /o, (0) ©)
where £(0) and o(O) are the mean and standard deviation
oflog p(O|4™"), log p(O 157, ..., log p(O|A}*") and, A7 is
the /™ example impostor model. It can be realised that this

approach has similarities to UCN. The main difference here is
the use of the standard deviation.

The direct adaptation of the Z-norm and T-norm for open-set
identification would result in the following two formulas:

L(0) = flog p(O | 1) — 1, 0™ 9(0) /7, ", 0(0))  (10)
L(0) = log p(O [ 1) - 1,(0) [/, (0) (11

where all the symbols have the same meanings as before
except ££,(0) and o,(0) which are the mean and standard de-
viation of {log p(O[\A,), log p(O|A,), ..., log p(OAy)}.

It should be noted that none of the above adapted versions
could lead to a standard form for neither of the two score dis-
tributions (i.e. known speaker and unknown speaker score
distributions). The reason is that they aim to standardise the
distribution of scores, £(k) k=1,2,..., that would result from log
p(O|A) O¢A; (Figure 2). However, it should be said that due to
the nature of the open set speaker identification task, in prac-
tice, it is impossible to devise a reliable method to transform
each form of unknown (or known) speaker score distribution,
resulting from a different test condition, to a standard form.
Therefore, for the purpose of this study, it was decided to con-
sider equations (10) and (11) without any modifications. This
was also motivated by the fact that the unknown speaker scores
would be part of the distribution of the scores £(k), k=1,2,....
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Figure 2: Typical plots of relevant distributions before and
after applying Z/T-norm.

4. Experimental investigation

4.1. Speech data

The speech data used in the experimental study was drawn
from 9 hours of recordings of different Broadcast News. It con-
sisted of two subsets, both sampled at a rate of 16 kHz. The
first subset was used for the purpose of training a world model.
This subset consisted of 4 hours of speech data corresponding
to 500 (275 male & 225 female) speakers. The second subset
consisted of 125 (65 male & 60 female) speakers in which 68
(36 male & 32 female) speakers were enrolled into the system
and the remaining 57 were set to act as unknown speakers. For
each enrolled speaker, 3 minutes of speech data was available,
in which 1.5 minutes of speech data was used for building the
speaker models and the remaining 1.5 minutes was reserved for
testing. The length of the test speech data reserved for each un-
known speaker was also 1.5 minutes. It should be noted that
care was taken to ensure that the speech data used in training
and testing were drawn from different recordings.

4.2. Feature parameter representation

For the purpose of this study, the /" frame of the input speech
data was represented as ¢, = {c(1), ¢/2),..., ci(20), Ac(l),
Ac(2),..., Ac(20)}, where c(i) is the ™ mean subtracted, linear
predictive coding-derived cepstral (LPCC) parameter and Ac(i)
is the i delta LPCC parameter. The extraction of LPCC
parameters was based on first pre-emphasising the input speech
data using a first order digital filter and then segmenting into
30 ms frames at intervals of 15 ms using a Hamming window.
Ac,(i) was generated by fitting a linear regression line to c¢,.,(i),
1) -5 Ca(i)-

4.3. Speaker representation

In all the experimental investigations discussed in this section,
the speaker representation was based on the Gaussian mixture
models (GMM). The GMM topologies used to represent each
enrolled speaker and the world model were 32m and 2048m res-
pectively, where Nm implies N Gaussian mixture densities which
are parameterised with diagonal covariance matrices. The para-
meters of each GMM involved were estimated by using a form
of the expectation-maximisation (EM) algorithm [3].

4.4. Testing procedure

For each test trial, the following equations are evaluated first:

T
S = gg;;{z,:llog ple,| m} (12)
T
My = argmax{z,:l log p(e, | y,,)} (13)
1<n<N

where C = {¢, ¢,...,¢7} is the vector sequence representing
the test segment, ¥y, is the GMM representing the n™ registered
speaker and N is the total number of speakers known to the
system. If C is originated from the m™ registered speaker and
ny.#m then it is assumed that an OSIE has occurred. Other-
wise, Sw. 1S normalised (if a score normalisation technique is
considered) and is stored in one of two groups depending on
whether C is originated from a known or an unknown speaker.



After the completion of all the test trials in a given investi-
gation, the stored Sy values are retrieved to form the empirical
score distributions of the known and unknown speakers. These
distributions are then used to determine the open-set identifica-
tion equal error rate (OSI-EER) i.e., the probability of equal
number of OSI-FA and OSI-FR.

4.5. Experimental conditions, results and discussions

For the purpose of the experimental investigation, it was decid-
ed to consider only the score normalisation methods that tackle
the effect of mismatch between the training and test condition
without any explicit knowledge of the nature of the mismatch
(in other words, all the score normalisation techniques describ-
ed in Section 3 except the Z-norm). In the case of CN and UCN
methods, experiments were repeated for cohort sizes 1 to 67
(which is the number of registered speakers excluding ny.). In
the CN method, the selection of the competing models was
carried out using a pair-wise comparison technique [2]. In the
case of T-norm, the test scores obtained for all the registered
speakers were used to compute the relevant mean and the
standard deviation. Furthermore, the utilised world model was
formed by using two independently generated 1024m GMMs,
each representing a gender. In this investigation, an OSIE rate
of 3.9% was obtained irrespective of the score normalisation
method considered. Figure 3 shows the OSI-EER for all the
considered score normalisation methods as a function of cohort
size. The OSI-EER obtained using unnormalised scores is also
presented in this figure as the baseline.
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Figure 3: Comparison of various methods in terms of OSI-EER.

It is clear from these results how important is the score norma-
lisation for open-set identification. The lowest OSI-EER of
6.6% is obtained for the UCN method. However, it is evident
from these results that an OSI-EER value very close to this can
be achieved by all the other considered score normalisation me-
thods except the T-norm. The relative ineffectiveness of the T-
norm must be attributed to the way in which it scales the un-
known speaker distribution (Section 3.2). As the cohort size is
increased, the effectiveness of the CN method improves almost
exponentially and the gap between this and the performance of
the UCN method decreases. For larger cohort sizes, the OSI-
EERs obtained using these two methods are almost identical.
The poor performance of the CN method for smaller cohort
sizes must be due its inability in reducing the normalised scor-
es of the unknown speakers.

In order to analyse the experimental results further, the detec-
tion error trade-off curves (DET) for all considered methods are
given in Figure 4 (in the case of CN/UCN, only the results ob-
tained for the cohort size which yield the typical best perfor-
mance are shown). It is observed that the CN/UCN and WMN

methods which achieve very close OSI-EERs, give significan-
tly different OSI-FR rate in the regions of lower/higher OSI-
FA rates. This implies that the level of FA/FR is important in
choosing normalisation method.
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Figure 4: DET curves for various methods (the cohort sizes
chosen for CN and UCN are 45 and 5 respectively).

5. Conclusions

The need for score normalisation in OSI was discussed and two
groups of methods that can be used for this purpose were
detailed. The first group, which was based on the Bayesian so-
lution, included the CN, UCN and WMN methods. The second
group, which was aimed to standardise one of the two score
distributions involved, included the T-norm and Z-norm. It was
shown that the effectiveness of the CN method could not ex-
ceed that of the UCN method. In fact, it was observed that for
smaller cohort sizes the CN method performed significantly
worse than the UCN method. When the cohort size was in-
creased, the effectiveness of the CN method improved almost
exponentially and began to converge with that of the UCN
method. As expected theoretically, the WNM method achieved
a performance very close to that of UCN. The difficulty in us-
ing the T/Z-norm method for OSI was also discussed and ex-
perimentally demonstrated. Moreover, it was shown experime-
ntally that the level of OSI-FA/FR is important in choosing the
normalisation method for the purpose of OSI. All the experi-
ments carried out were based on the use speech material drawn
from 9 hours of recordings of different Broadcast News.
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