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Abstract

This paper describes an automatic speaker diarization system
for natural, multi-speaker meeting conversations. Only one
central microphone is used to record the meeting. The new
system is robust to different acoustic environments - it requires
neither pre-training models nor development sets to initialize
the parameters. The new system determines the model
complexity automatically. It adapts the segment model from
a universal background model, and uses the cross-likelihood
ratio instead of the Bayesian Information Criterion (BIC) for
merging. Finally it uses an intra-cluster/inter-cluster ratio as the
stopping criterion. Together this reduces the speaker diarization
error rate from 21.76% to 17.21% compared with the baseline
system [1].

Index Terms: speaker diarization, model complexity selection

1. Introduction

In this paper, speaker diarization is the process of taking an au-
dio recording and establishing an index to individual speakers.
It is referred to as “who spoke when” in the NIST Rich Tran-
scription Evaluations [1]. This process is performed without the
knowledge of, for example, the number of speakers involved,
their gender, and the positions of extraneous noises such as
laughter, coughing, paper shuffling etc. Normally, meetings are
recorded with either a single central microphone or multiple-
microphones (where each person has their own microphone)
[3]. This work concentrates on single-microphone recordings of
meetings between a number of individuals. The system should
be robust with regard to the acoustic environment. This implies
that there should be no pre-training of the acoustic models and
the tuning of parameters should be automatic.

The system described in this paper is based on the ICSI-
SRI Fall 2004 diarization system [4]. This was selected be-
cause it is based on the single-microphone speaker diarization
task, and performs acoustic modelling using only the audio file
itself. In contrast with their system, this new one adopts another
approach to determining the model complexity parameters au-
tomatically, using the cross log-likelihood ratio rather than the
Bayesian Information Criterion (BIC) as the merging rule, and
uses the intra-cluster/inter-cluster ratio as the criterion for iden-
tifying the number of speakers.

The paper is structured as follows. Section 2 describes the
basic diarization system adopted by [4], which is taken to be
the baseline for comparison. In section 3 the techniques used to
improve on the basic system are described. The experimental
arrangement and results are presented in section 4 and finally
conclusions are offered in section 5.

2. ICSI-SRI Diarization System

In the ICSI-SRI Fall 2004 diarization system, a guess is made as
to the number of individual speakers (K), where that value must
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be much greater than the number of actual speakers. The audio
file is divided up into 60 millisecond windows with each win-
dow overlapping the previous one by 20 milliseconds. For each
window, nineteen mel-frequency cepstral coefficients (MFCC)
are extracted as acoustic feature vectors for that window. These
feature vectors are assigned sequentially to the K speakers; this
grouping of feature vectors is called a segment (and there are
K segments). Wooters et al [4] report this to be as effective as
other speaker change detection initialization methods such as
those based on distance measures or BIC.

A K state Hidden Markov Model (HMM) is created where,
of course, each of its states acoustically models a potential
speaker. Gaussian Mixture Models (GMM) are established to
initialize the states of the HMM. The Viterbi decoding algo-
rithm is used to re-assign feature vectors to other states and
the GMM updated. Several sub-states are linked to each K
state and these share the state’s probability density function
(pdf). Upon entering a state, the feature vectors cannot change
to another state unless they have travelled through all the sub-
states one-by-one. This imposes a minimum number of features
(equivalent to more than 0.9 seconds), which are assigned to a
state each time. This iteratively refines the segment boundaries
assigned to each state. This approach was first reported in [5].

An agglomerative clustering technique with BIC merging
and stopping criteria always give the best performance for clus-
tering segments [4]. Bayesian Information Criterion (BIC) [12]
is a model selection criterion which prefers those models that
have large log-likelihood values, and penalizes it with model
complexity (the number of parameters in the model). For a pair
of segments x and y which are assigned to different states, their
BIC merging score is computed according to Eq.1.

BICscore = Lz - (Lz + Ly) - 1/20((PZ
log(n:) — Prlog(na) — Pylog(ny)), (D

where L is the log-likelihood function for the merging model,
P is the number of parameters used in the model and n is the
number of features in the segment. The pair of states whose seg-
ments have the highest BIC score will be merged, and the state
model retrained. The merging process continues until there are
no pairs of states whose BIC score is larger than zero; the clus-
tering then stops. In the ICSI-SRI diarization system, the num-
ber of parameters used in the merging model is set to be equal
to the sum of the number of parameters used in each model, so
the o parameter is not required. The states that remain in the
HMM is the number of speakers; the segments are thus indexed
and categorised.

Sinha et al [7] and Barras et al [8] have included a post-
processing step in the speaker diarization system in order to im-
prove the performance. This involves a Universal Background
Model (UBM), which is pre-trained either with other audio files
or with the data itself and a Maximum a Posteriori (MAP)
mean-adaptation [9] is applied to each cluster from the UBM
to give the state model. The Cross-Likelihood Ratio (CLR) [7]
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Figure 1: Original ICSI method compared with the new system

instead of BIC is applied as the merging criterion. Figure 1 il-
lustrates the difference between the two systems.

3. New Applied Techniques
3.1. Model Complexity Selection

Model complexity is defined as the number of parameters used
in the model. For the Gaussian Mixture Model with a fixed
dimension and covariance type (diagonal or full), the param-
eter which determines the model complexity is the number of
components in the mixture model. Model complexity influ-
ences the generalization of the model and thus, the cluster re-
sults. In previous work [2], this value is pre-determined with a
fixed value; so the model complexity cannot be changed accord-
ing to segment length and model similarity. Anguera et al [10]
automatically determined the number of components depend-
ing on the length of the segments. However, there was still a
need for a parameter that was adjusted by external training sets.
There was also a problem arising from the merging process: the
model of the shorter segments lose their speaker characteris-
tics gradually, as they are always allocated a small number of
components. The approach developed by Figueiredo and Jain
[11] was adopted in the new system with a modified stopping

criterion, which automatically determines the model complex-
ity, and gives a better fitting model. Consider a finite data set
X = {2',2% ...2"} C R% and an M-component GMM fi-
nite mixture distribution of dataset X, its pdf can be written as:

M
p(@]0) = > mnp(@|tm, o). @

m=1
WhereZﬁf:l T =landm, <1,m=1,--- , M. 7, is the

mixing parameter of the mixture model, and p,, and o, are the
mean and covariance parameters of the Gaussian component m.
Then logp(X |0) is defined as:

n M
logp(X16) = Zlog Z T (2| fom , Om ). 3)
i=1  m=1

6 = {m o} @)

Usually an EM algorithm is applied to obtain the maximum
likelihood (ML) estimate O/, :

Ou1 = argmax,{logp(X|0)} )

The EM algorithm runs iteratively with E-step and M-step. The
E-step computes the conditional expectation of the complete
log-likelihood, given the dataset and current estimate of all pa-
rameters - the so-called Q-function. M-step updates the es-
timate of 6 in order for it to maximize the Q-function [12].
The EM algorithm will monotonically increase the logp(z|6)
value until it reaches one of the local maxima. Using the
EM algorithm to train the GMM model, label variables Z =
{z',---, 2™} are introduced so as to indicate which compo-
nent produces which sample. The conditional expectations of
z%., where 2%, is the label which shows whether data z; is pro-
duced by component m at iteration ¢, is given by:

(@' ]05,)

_ 6
S aaill)

ol (x:) = E[zh, |z, 0 =
and 757! will be updated thus:
T = 3 0 (w3) /75 (7)
=1

o, is the posteriori probability of Z?,, given the observation z*.
Since the EM algorithm theoretically searches the local max-
ima, its result is sensitive to its initialization values. The results
can always be adjusted to get a better global maximum by split-
ting or merging the components [13]. Figueiredo and Jain [11]
developed an algorithm that successfully determines the num-
ber of components used in building the GMM, and, at the same
time, optimizes the distribution of components. It seamlessly
integrates the Minimum Message Length (MML) criterion into
the EM algorithm. MML, like BIC, is a model selection crite-
rion. It is based on information coding theory and was first de-
veloped by Wallace and Dowe [14]. It prefers that model which
minimizes the right-hand side of Eq.8:

Len(0, X) = —logp() — logp(X|0)

+3loglI(0)] +p/201 +1og(1/12)),  ®)



where p is the number of parameters in the model. Figueiredo
and Jain [11] assumed an independence between the mixing pa-
rameter 7 and the component parameter #(m), and expressed a
standard non-informative Jeffreys’s prior for 7, and 6. Eq.8 can
be rewritten as:

N XM
5 Z log(nmm) +

m=1

p 1 p
1+ lo, + Zlo
2( g12) 9 g(n),

&)

where p in Eq.8 is equal to NM + M, and N is the number
of parameters in each component. When the 7, of a com-
ponent m is equal to O, the component will no longer con-
tribute to the model, so here M is the number of components
whose mixing parameter 7, is larger than 0. Eq.9 is the cri-
terion, provided by Figueiredo and Jain [11], which can be
integrated into the EM algorithm in a closed form. In Eq.9,
the term & ZM log(nmy,) containing the variable 7 is com-
bined w1th Eq.5; then to be maximized:

A )

Len(0,X) =

d(logp(X0)) N _
o 5 Z log(nmmy)) =0,
(10)
Instead of Eq.7, Eq.11 is calculated as the update value for 7y, :

¢ 1

7t = (> max(olu(a®) — N/2,0)) (1)

n— MN/2 &

where of,, (") is defined as in Eq.6.

By initializing the model complexity by a large value M,
this algorithm will reduce the complexity value to M,, by re-
moving the components that have insufficient evidence to sup-
port them. But there may be an additional decrease in Eq.9
caused by a decrease in M,,. So the algorithm needs to com-
pute the criterion value for each possible M,, in order to get the
best result. This is computationally expensive when the num-
ber of components is large. An alternative stopping criterion is
the local Kullback-Leibler divergence criterion in which those
components with the lowest local Kullback-Leibler divergence
are removed and the model retrained until the value of the right
side of Eq.9 no longer decreases. The local Kullback-Leibler
divergence criterion of component m is described by Eq.12:

Jmerge(mlé):/fm(m|é)log; (z]6)

m (]
(]0)

where fy, is the current density function g, and f;n is the den-
sity function g , whose component m has been removed, all

weighted by the posteriori function of m:

fm(@]0) = g(z:)p(m|z;, 0); (13)

/(m\xi,é); (14)

fm(@lf) = g (zi)p
3.2. UBM and MAP Adaptation

Sometimes the segment is short and may be disturbed by the
acoustic environment, so the model on which it is based is not
sufficient to represent the speaker characteristics. But the seg-
ment models can be adapted from the UBM. UBM is always
pre-trained from other speech corpora. The audio file itself can
be used to train the UBM, or a combination of corpora and
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speech file may be used [7] [8]. The authors adopt the audio file
itself to build the UBM and use the technique described in the
last section to develop the background model. A weight-and-
mean MAP adaptation is also used to build the segment model
from the UBM.

Usually the initial segments produced by the system are very
short and not sufficient to cover the space modelled by the
UBM. As a result there may be some loss of segment charac-
teristics - hence the reason why this technique is always applied
in a secondary stage. The authors’ system adaptively weights
the parameters in the UBM and removes those components for
which there is insufficient evidence (as explained in Eq.11). The
adapted weight estimator is described by Eq.15

= max(3,, np(mla’) — N/2,0) (15)
ey max(3,_, np(mla?) — N/2,0)’

where N is the number of parameters in each component, and
p(m|z") is the posteriori probability of component m given x;.
Usually the mean-MAP adaptation is then performed [9]:
G = shi + 3 (00, p(mlzi)z:)
3+ 5 i p(mlzi)

This adaptation is performed for two iterations.

; (16)

3.3. Cross-Likelihood Ratio

CLR is used in place of BIC as the merging measure. Between
any two given segments s; and s;, CLR is defined by:
L(xi|0;)L(x;10:)
CLR(s;,s5) =lo
(s:53) =108 F e 10, L3160
where L(x;|0;) is the average likelihood of the acoustic fea-
ture being in segment ¢ given the model j, thus removing the
influence of the length of the segments [7]. The CLR values are
computed for each pair of segments to form the CLR matrix.

), aAD

3.4. Intra-cluster inter-cluster ratio criterion

Using BIC to merge and judge the stopping of the speaker di-
arization task is, computationally, a local solution. It considers
those pairs of segments that have the highest BIC score, with-
out a global view of the overall segments’ similarity. The au-
thors found that it always under-estimated the number of speak-
ers appearing in the audio file. So in place of BIC, an intra-
cluster/inter-cluster ratio was used as a stopping criterion. Intra-
cluster/inter-cluster ratio compares the way in which a state
model represents its features, with how the models of other
states represent those features; in so doing, it takes a global view
of all the states. Assuming that there are k clusters left in HMM,
the intra-cluster/inter-cluster ratio is computed by Eq.18:

k CLR(S“ Si)

=1 Zj,j;éi CLR(si,55)

The new system iteratively merges the segments until there is
only one segment left. Then the speaker diarization solution
is the cluster solution with minimum intra-cluster/inter-cluster
ratio.

ratio = (18)

4. Experiment

The experiments reported in this paper use 36 recorded meet-
ings as evaluation data, 18 from the Interactive Systems Labo-
ratories (ISL) part A meeting corpus, 18 from the International



Computer Science Institute (ICSI) meeting speech corpus. The
average meeting length was around 40 minutes, and the number
of speakers present in the meetings varied between 3 and 9.

The main metric of performance is the diarization error rate
(DER). It is obtained by comparing it with a manually labelled
transcript. The DER process recognises three error types: the
missed rate (speech in the transcript that is not found by the
system under test), false alarm rate (speech found by the system
that is not in the transcript) and speaker error rate (the sound
is assigned to the wrong speaker). The latter term is computed
by matching the speakers assigned by the system to those in the
transcript using a one-to-one mapping which maximises the to-
tal overlap between the transcript and system speakers (includ-
ing the regions of overlapping speech), as explained in [1].

In the new system, the 19*" order MFCC was used as
acoustic feature vectors, extracted from 30 msec analysis win-
dows with 20 msec overlap. The initial guess of the number of
speakers was 40, and the minimum length constraint was 0.9
seconds. An energy based speech/non-speech detection method
was used in order to remove the need for any training data.

4.1. Model Complexity

Three different methods for determining the model complexity
were investigated: fixing the number of Gaussians in a GMM,
automatically determining the value for model complexity de-
pending on the segment length as adopted in [10], and automati-
cally determining that value within the new system. All of them
were integrated into the original ICSI system, and their results
are compared in Table 1. The approach used in the new system
performed about 7% better than the approach used in [10].

Table 1: Model Complexity Determination

| method | DER(%) |
5 Gaussian per GMM 21.76
8 Gaussian per GMM 22.35
[10]’s approach 21.25
new system approach 19.74

4.2. Applying the UBM

Table 2 shows the difference between the segment model,
adapted from UBM, and that obtained from the ICSI system.
UBM was built from the audio data itself and its model com-
plexity was automatically determined. The segment models
were then adapted from UBM by weight and mean-MAP. BIC
was retained for determining the merging and stopping crite-
ria. Those segment models adapted from UBM seem to capture
better the speaker characteristics.

Table 2: Effect of UBM-MAP Adaptation

[ method | DER(%) |
UBM-MAP 16.74
Non UBM-MAP | 21.76

4.3. Merge and Stopping Criterion

Finally, CLR and intra-cluster/inter-cluster ratio were used in-
stead of BIC for the merging and stopping criteria. The stopping
criterion still under-estimates the number of speakers; this may
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happen when there is a dominant speaker at the meeting or the
utterances from some speakers are short. The overall system re-
duces the error rate from 21.76% to 17.21%, a result that shows
the method is inferior to that using BIC.

5. Conclusion

This paper has described a new speaker diarization system for
natural, multi-speaker meeting conversations basing on a sin-
gle microphone. The system requires no prior training, and
the experiments showed that the performance achieved 17.21%
speaker diarization error rate. It is expected that different
speech/non-speech detection techniques and further purity tests
will improve the performance of the system.
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