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Abstract ric HMM/GMM system when multiple feature streams are used.
The remainder of the paper is organized as follows: Sec-
tion 2 and Section 3 describe the HMM/GMM system and the
agglomerative IB system. Section 4 describes the seqlieptia
timization method. Experiments both on two and four feature
streams are presented in Section 5 and complexity analysis i
presented in Section 6. The paper is concluded in Section 7.

Multistream diarization is an effective way to improve the d
arization performance, MFCC and Time Delay Of Arrivals
(TDOA) being the most commonly used features. This paper
extends our previous work on information bottleneck detiz
tion aiming to include large number of features besides MFCC
and TDOA while keeping computational costs low. At first
HMM/GMM and IB systems are compared in case of two and L. .
four feature streams and analysis of errors is performesulie 2. GMM based diarization
on a dataset of 17 meetings show that, in spite of comparable
oracle performances, the IB system is more robust to feature
weight variations. Then a sequential optimization is idtrced

that further improves the speaker error by 8% relative. In

the last part, computational issues are discussed. Thegedp
approach is significantly faster and its complexity martiyna
grows with the number of feature streams running.iro real

time even with four streams achieving a speaker error egual t
6%.

Index Terms: Speaker diarization, Information bottleneck,
Multistream diarization, Sequential IB.

Conventional speaker diarization systems are based on
HMM/GMM models in which each speaker is represented by
an HMM state with GMM emission probability [4]. The di-
arization starts with a uniform linear segmentation of the i
put into a large number of clusters (speakers). Succegsitel
each step a cluster pair is merged based on a distance measure
like the BIC or its modified version [4]. The merging stops
when all the BIC values are less than zero. After each merge,
a realignment of speaker boundaries is performed with the es
timated speaker models. Whenever multiple feature streams
{xi},i = 1,..., M are available, the system can be extended
. by considering a separate GMM model for each stream. Let
1. Introduction b (i) be the GMM model of clustercorresponding to the fea-
ture streamzi. The BIC criterion is extended using a combined
likelihood.(z+) computed as a weighted linear combination of
individual likelihoods:

Including multiple feature streams is an effective mettoifrt-
prove the performance of speaker diarization systemsdedor
in meeting rooms using multiple distant microphones. Thetmo
common feature combination is based on spectral featuges, e o
MFCC and Time delay of arrivals features (TDOA). Other stud- le(ze) = Z P;log [bi(xi)] (1)

ies have proposed the combination of MFCC with prosodic or i

long term features, i.e. extracted from a long time span ef th

signal [1]. However, the speaker error reduction with npueti where P; represents the weight of the feature stregnand is
feature streams happens at the cost of an increased computa- estimated on a development dataset. The most common feature
tional complexity. In our previous work [2], it was shown tha used are MFCC and TDOA [5] but also other feature sets have
up to four feature streams (MFCC, TDOA, Modulation Spec- been considered recently [1]. Details on the initializatand

trum features and Frequency Domain Linear Prediction[&#) ¢ the number of gaussian components per feature stream can be
simultaneously be integrated in a non-parametric diddmnat found in [6],[5].

system for further reduction in the speaker error. This pape

adva.nces the previ.ous WOItk by Fhree contribgtions. The B sy 3. |B based Speaker Diarization

tem is compared side by side with a conventional HMM/GMM

system both using two and four features streams. The study This section briefly summarizes the IB speaker diarizati@m s
aims to analyze the robustness of the two systems to therstrea tem that operates in a space of relevance variables proposed
weights. While a greedy agglomerative method was used in in [7]. The Information Bottleneck is a distributional ctasing
previous works, this paper introduces a sequential opétitn technique introduced in [8]. Consider a set of input vagabl
method to find the global minimum of the objective function.  X. The Information Bottleneck principle depends on a rele-
The sequential method (sIB) acts as purification step to im- vance variables’ sét” that carries important information about
prove the partition produced by the agglomerative clustgri the problem. According to IB principle, any clusteri@igshould

The application of sIB to multistream system is investigate be compact with respect to the input representation (mimmu
The last contribution of the paper is the study of compuretio I1(X,C)) and preserve as much mutual information as possible
costs of the proposed non-parametric system versus a parame about relevance variablé@s (maximumI(C,Y")). This corre-



sponds to the maximization of:

F=1(CY) - %z(x, o) @)
whereg is a Lagrange multiplier. The IB criterion is optimized
w.r.t. the stochastic mappingc|x) using iterative optimization
techniques. The agglomerative Information BottleneciB)al
clustering is a greedy way of optimizing the IB objective dein
tion [9]. The algorithm is initialized with each input elente

r € X as a separate cluster. At each step, two clusters are
merged such that the reduction in mutual information welt r
evance variables is minimum. It can be proved that the loss in
mutual information in merging any two clustees and ¢ is
given in terms of a Jensen-Shannon divergence that carilgirec
be computed from the distributigr{y|x) as:

AF(e1,e2) = [p(er) +p(e2)]JS[p(yler), plyle2)] @)

The Jensen-Shannon divergent€[p(y|c1), p(y|cz2)] is given
by:

m1 Dyt [p(ylen)|lg(y)] + w2 Dy [p(yle2)lq(y)]

(4)
wherer; = ﬁb q(y) represents the distribution of rel-

evance variables after the cluster merge d@hd denotes the
Kullback-Leibler divergence between two distributionsheT
number of clusters is determined by using a threshold on the
Normalized Mutual Information given b4

In order to apply this method to speaker diarization, the set
of relevance variable¥ = {y,, } is defined as the components
of a background GMM M) trained on the entire audio record-
ing [7]. The input to the clustering algorithm is uniformlggs
mented speech segments The posterior probability(y. |x+)
is computed using Bayes’ rule. The speech segments with the
smallest distance (the Jensen-Shannon divergence) aré-the
eratively merged until the model selection criterion issfeed.

Whenever multiple features are available, the combination
is performed in the space of relevance variahlg40]. Sepa-
rate GMMs with the same number of components are trained
for each feature stream. The individual components are kept
aligned. i.e, the same component of two different GMMs are
estimated using the features with same time indices. Inrothe
words, there is a one-to-one correspondence between the GMM
components. LefAM;} be the background model for the fea-
ture streanx:’. The combined distributiop(y|z) is then esti-
mated as: )

plyle) = pyla’, Mi)P; 5)
where P; corresponds to the weights of" feature stream
(O- P, = 1). This corresponds to averaging the different
p(y|zt, M;) obtained with GMMs trained on different feature
streams.

After clustering, the speaker boundaries are realigned. In
stead of using HMM/GMMSs, the realignment is performed in
the space of relevance variableg/|z) using an HMM-KL di-
vergence (Kullback-Leibler) based system described irj. [10

The entire diarization algorithm including clusteringafe
ture combination and realignment depends only on the rele-
vance variable distributiop(y|z).

4. Sequential IB

Being a greedy algorithm, the alB may not converge to the
global optimum of the objective function. A sequential op-
timization referred as sequential Information Bottler(sti®)

was proposed in [11] and aims at finding the global maximum
of the objective function.

Consider an initial partition of the dat& into K clusters
{c1,...,¢ck}. Anelement: € X is drawn at random out of its
clusterc,;4 and is represented as a singleton cluster. This sin-
gleton cluster is then merged into a new cluster,, according
to:

(6)

where AF(z, c¢) is the loss in IB function in merging the sin-
gleton clusterz with any clusterc. This information loss is
again represented in terms of a Jensen-Shannon divergence i
Eqgn. 3. It can be shown that if,.., # coia the IB objective
function improves [11]. Thus in each step the IB functiomad i
proves or stays the same. This reassignment is repeateadlseve
times until there is no change in the clustering assignments
We propose here the use of this sequential optimization on
the agglomerative clustering partition. In this scenasi®, re-
fines the clusters by reassigning the elements similar toltise
ter purification algorithms [12]. In case of multistreamrdia-
tion, the distributiorp(y|x) calculated by (5) can be employed.
As the alB, the sIB algorithm also requires only the disttiiou
p(y|x) as the input.

Cnew = argmin A]:(x, C)
c

5. Experiments

The experiments are conducted on 17 meeting recordings from
five different meeting rooms (CMU,EDI,NIST,TNO,VT) cor-
responding to data collected for the NIST RTO6/RT07 evalua-
tions [13]. The amount of speech data is more than twice more
as compared to our previous experiments [2]. At first mul-
tiple channels are beamformed using Beamformlttoolkit.
MFCC and TDOA features are then extracted from the beam-
formed output (details about the front-end are availabl&n

Two additional sets of features — filtered trajectories afi-cr

cal band energies, i.e., Modulation Spectrum (MS), and FDLP
features[3] are also extracted from long temporal windalifs,
fering from both location features like TDOA or spectralfea
tures like MFCC. The current work studies speaker diazati
based on the combination of two features (MFCC and TDOA)
and four features (MFCC, TDOA, FDLP and MS) as well as
their complementarity. The MFCC, and FDLP features have a
dimensionality of 19 while MS features are 26 dimensional an
the dimensionality of TDOA features changes with the number
of microphones in the array.

A critical part of multi-stream methods consists of deter-
mining the weights of different feature sets. In this wotege
weights are estimated from a development dataset compdsed o
12 recordings across 6 meetings rooms. The weights that min-
imize a smoothed version of speaker error [2] are selected in
order to avoid local minima. The system performance is eval-
uated using Diarization Error Rate (DER) that is the sum of
speech/non-speech segmentation and speaker errors.v&ince
use the same speech non-speech segmentation across & the e
periments only speaker error is reported for the purposerof c
parison.

Experiments report the performance obtained by both op-
timal weights and estimated weights from development data.
Optimal weights represent the best performance possitite wi
the feature combination. They are obtained by varying the fe
ture weightsP; from 0 to 1 under the constraint, P, = 1 and
choosing the weights that corresponds to the minimum speake
error. Results for the HMM/GMM, the agglomerative and se-
quential IB systems are reported in the following.
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Figure 1: Optimal weights for IB and baseline systems oktin Figure 2: Meeting-wise Speaker Error in case of HMM/GMM and

with an oracle experiment for the four stream system.

Table 1: Baseline and alB speaker errors correspondingdo tw
and four feature combination systems (optimal and estithate
weights).

HMM/GMM alB
2 feat | 4 feats| 2 feats| 4 feats
optimal wts 5.1 2.6 5.8 2.8
estimated wts| 12.4 16.3 11.6 6.3

51. HMM/GMM system

Table 1(second column) reports the results corresponding t
the MFCC and TDOA combination with estimated weights
and oracle weights. Weights estimated on development data
are (Pmfee, Prdoa) = (0.9,0.1). The speaker error ob-
tained with estimated weights is more than 7% worse than
performance with optimal weights. Let us now consider
the combination of four features (MFCC, TDOA, MS and
FDLP). The results are presented in Table 1 (third col-
umn). The estimated weights from the development data
are (Pmfec, Prdaoa; Pms, Praip) = (0.69,0.20,0.01,0.10). In
spite of the improvement in the optimal performance, the
speaker error of the baseline system increases when weights
estimated from development data.

5.2. Agglomerative I B system

Let us now consider the performance of the agglomerative IB
system reported in Table 1 in case of MFCC and TDOA features
(fourth column) and four features (fifth column). The optima
performances of the IB system are similar to the optimalgyerf
mance of the HMM/GMM showing that in case of oracle stream
weighting the two systems are equivalent. However in case of
estimated weights it consistently outperforms the baselin

The selected weights in case of  two
[(Prteces Praoa) (0.7,0.3)] and four feature streams
[(meca Ptdoay Pms, Pfdlp) = (0.57 0.20, 0.05, 025)] are
quite different from the GMM scenario. The speaker error
decreases in case of four features largely outperformieg th
baseline system.

To study the system performance in detail, let us consider
the meeting-wise optimal weights depicted in Figure 1 ireczs
four streams. Optimal weights for the HMM/GMM system span
a wider range compared to those of the alB. A possible reason
for this could be the variable dimension of the TDOA features
which affects the order of magnitude of the log-likelihoaafs
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alB with weights estimated from development data.

Egn. ( 1). In case of alB, the combination is performed using
probabilities (Egn. 5) rather than log-likelihoods andiat
weights are observed to be in the similar magnitude rangg. Fi
ure 2 compares the meeting-wise speaker errors; the baselin
system performs considerably worse in case of meetings with
higher number of microphones while it has comparable perfor
mances on the remaining. In summary, while the two systems
have comparable oracle performances, the alB seems conside
ably more robust when weights are obtained from a develop-
ment data set.

To further analyze the two systems, we investigate the vari-
ance of the speaker error on the development datadi.a5
neighborhood of the estimated weights . The variance islequa
to 2.0 in the HMM/GMM case and).68 in case of alB. This
implies that the second one is less sensitive to weightsttien
first.

5.3. Sequential IB

The sIB algorithm is performed to further improve the diafiz
tion output as described in Section 4. Table 2 reports the re-
sults in case of two and four feature streams. The sequential
framework improves the performance &4 relative in the first
case (froml11.6% to 10.7%) and by5% relative in the second
case (from6.3% to 6.0%). The improvement obtained by the
sequential optimization decreases while the number cdistse
increases and the speaker error becomes very low.

alB alB + sIB
2 feats| 11.6 | 10.7 (+8%)
4feats| 6.3 | 6.0 (+5%)

Table 2: alB and sIB performance in case of two and four fea-
ture streams.

6. Complexity

This section investigates the computational complexityhef
HMM/GMM and the IB diarization systems. Both systems use
an agglomerative clustering and this requires the estimatf

the distance between every pair of clusters, £&(k — 1) dis-
tance calculations wheteis the number of clusters. In case of
HMM/GMM, the distance is represented by the BIC distance.
Its calculation involves the estimation of a new GMM model us
ing the Expectation-Maximization algorithm. Whenever tiaul

ple streams are available, a GMM must be estimated for each of



Table 3: Complexity analysis - Real time factors:
(a)algorithm time used by different steps in the IB system

alB alB+sIB
estimate 1B KL estimate B KL
p(ylx) clstrng | realgn | p(y|x) clstrng | realgn
2 feat 0.24 0.08 0.09 0.25 0.10 0.09
4 feat 0.52 0.09 0.11 0.52 0.10 0.11
(b) comparison with baseline
Baseline| alB | alB+sIB
2 feats 38| 041 0.43
4 feats 11.3 | 0.72 0.75

them (see Eqn. 1) thus increasing the computational coritylex

In contrast to this, the IB system estimates a background
GMM for each feature only once (before the clustering) and
the combination happens in the space of distributipfigz)
(Eqn. 5). The distance measure (the Jensen-Shannon dicerge
of Egn. 3) is obtained in close form and does not depend on
the number of features streams. This happens since the dimen
sion of the relevance variabl&s depends only on the number
of components in the mixture model. Thus the clustering and
the realignment complexities remain the same. The extra cos
comes only in the estimation of distributigiy|x).

The algorithms are benchmarked on a normal desktop Ma-
chine (AMD Athlon™ 64 X2 Dual Core Processor 2.6GHz,
2GB RAM). The run-time of the algorithms are averaged across
multiple iterations. Table 3(a) reports the real time festaken
by various steps in the IB diarization for two and four featur
streams. The clustering and the realignment complexiges r
main almost constant with the addition of new features. The
largest part of the computational time is spent in the digtri
tion estimation step — roughl§0% in case of two stream com-
bination and70% in case of four streams. In both cases the
additional complexity introduced by sIB is minimal2% of
the clustering time). Table 3(b) compares the real timeofact
for IB and baseline systems.

The IB diarization is8 times faster than the HMM/GMM
system in the two stream case ahtitimes faster in the four
stream case. It can also be noticed that the introductiowaf t
additional features increases the computing time by a ifaxto
3 in the HMM/GMM system while this factor is only.7 in the
IB system.

7. Conclusions

Speaker diarization based on combination of multiple stea
has been an active field during last years. In the previous
work [2] we have shown that up to four feature streams can be
simultaneously integrated in a non-parametric diarizatigs-
tem for further reducing the speaker error. To our best knowl
edge this was the first successful attempt of including dreer
tures together with MFCC and TDOA.

This work aims at comparing a conventional HMM/GMM
diarization system with a system based on the Informatian Bo
tleneck principle. While the first performs the combinatton
averaging log-likelihoods the second one operates in sespiac
relevance variables and avoids any log-likelihood comntizina
The investigation is carried on 17 meeting recordings from fi
meeting rooms in case of two features (MFCC and TDOA) and
with four features (MFCC, TDOA, MS and FDLP). Results re-
veal that the two systems have comparable oracle perfoenanc
(obtained manually choosing the optimal weights) in boesa

Whenever weights are estimated from the development

data, the baseline performance degrades considerablysé ca
of four features. Comparatively the IB system performaree d
grades only by3.5%(Table 1) achieving a speaker error equal
to 6.3%. Analysis of sensitivity to the weights shows that the
IB combination scheme is more robust to variations in featur
weights as revealed by the speaker error variance.

The paper also proposes and investigates a sequential opti-
mization method for refining the partition obtained by the ag
glomerative clustering. In contrast to the greedy alB athor
that might converge to a local minimum, sIB tries to find the
global optimum. Experiments reveal that the algorithm im-
proves the performance 8% relative in the two stream case
and by5% relative in case of four streams. This shows that pu-
rification methods are effective even at very low speakersrr

In addition, the analysis of the algorithm complexities
shows that the IB algorithms are much faster than the baselin
system. The algorithms perform in realtime, the majority of
the running time being spent by the estimation of distrifmsi
p(y|x). The clustering and realignment algorithm complexities
remain almost same in spite of increase in number of features
The sequential optimization only marginally increasesctha-
putational time. Remarkably, even when four feature steeam
are used, the system runs@ri75 times real-time achieving a
speaker error of.0%.

In summary, results show that the proposed system provides
a very robust way of integrating multiple features with aitad
increase in the computational complexity.
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