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ABSTRACT audio diarization process is the speaker diarization calsgre

Speaker diarization is the process of annotating an audio dos_egmen}aﬂon and cluster!pg. In other words, it is the task t
ument with information about the speaker identity of speecrl;Ind out*who ?p‘?ke _wheTn :
segments along with their start and end time. Assuming that SPeaker diarization is currently the focus of the most ef-
audio input consists of speech only or that non-speech Seéqrts in the aud|q diarization research. Broac_icast newgaud
ments have been already identified by another method, tHB€€tings recordings or telephone conversations are ohe of t
task of speaker diarization is to find “who spoke when®. Sincgn@in domains for speaker diarization research and develop-
there is no prior information about the number of speakergNent. In some cases, prior information about the task can be
the main approach is to apply segment clustering. Accordingvailable. This may be an example speech from speakers of a
to the clustering algorithm used, speaker diarizationesyst Meeting or from the main anchors of a broadcast. However,
can be divided into two groups: 1) based on agglomerativé’om a s_ystem portability point of view, it is better to usede
clustering, and 2) based on on-line clustering. Agglomera®" o prior knowledge at all.
tive clustering is an off-line approach and is used in most of Most of the current speaker diarization systems perform
the current systems because it gives accurate results and gveral key sub-tasks which are: Speech detection, Speaker
be fine tuned by performing several processing passes ovelange detection, Gender classification and Speaker eluste
the data. This, however, comes at the cost of high compung [1]. To improve the performance, in some cases, cluster
tational load which increases exponentially with the numberecombination and re-segmentation are also used [2]. The
of segments and the requirement of having the whole audigpeech detection is aimed to find those regions of the au-
document available in advance. In contrast, on-line ciuste dio which consist of speech only. The most popular tech-
ing based systems have almost constant computational loagigue to perform this task is the maximum-likelihood clas-
work on-line in real time with small latency, but are genlgral  sification with Gaussian mixture models (GMM). They are
less accurate than off-line systems. As we show in this padsually trained in advance from some labeled data and, in the
per, when using advanced on-line learning methods and origimplest case, there are only two models for speech and non-
inal design, on-line systems can make less errors thatineff-l speech data [3]. Some systems use several models depending
systems and can even work faster than real time with very lown the speaker gender and the channel type [4, 5]. Another
latency. approach that has been found useful is to perform a single
Index Terms— Speaker diarization, Speaker segmenta—or multi-pass Viterbi segmen.tatlor? .Of the audio stream[6, 7
tion, On-line GMM learning ' After_ speech segments are |dent!f|ed, speaker change o.let.ec-
' ' tion is used to find out any possible speaker change within
every segment. If such is detected, the segment is further
1. INTRODUCTION split into smaller segments each of which belongs to a single
N ) o ] speaker. There are two main techniques for change detection
The task of efficient and effective automatic indexing andrhe first one finds potential change point in a window by de-
searching of the growing volumes of recorded spoken doGermining whether it is better modeled by two rather than one
uments, such as broadcasts, voice mails, meetings and offistribution using the Bayesian information criterion (Bl
ers, requires human language technologies that can not only] The second one is based on measuring the distance, Gaus-
transcribe speech, but can also extract different kind®of n - gjan divergence [8] or generalized likelihood ratio [9]- be
Ilngws_uc information. This information, often called B  yeen two fixed length windows represented most often by a
data, includes speaker turns, channel changes, and othegggle Gaussian. A distance peak that is above certaintthres
Identifying and labeling the sound sources within a spokep|q is then considered as a change point. The gender classifi-
document is the task of audio diarization. A main part of the-ation is used to split the segments into two groups (male and

“This work was done while the author was with the ATR Spoken-Lan feémale) Whi_Ch reduce.s the Iogd of the next clustering task as
guage Communication Research Lab, Japan. well as to give more information about the speakers. Typi-




cally, two GMMs, one for each gender, are trained in advanceem. This way, the system can operate indefinitely, adapting
and maximum-likelihood is used as decision criterion. Thetself to the environment changes.

last sub-task, the speaker clustering, is to assign eachesgg

with its_correct speaker Iabe_l. This is done by clusterirgy se 2 AGGLOMERATIVE CLUSTERING BASED

ments into sets corresponding to speakers. The most widely SYSTEM

used approach is hierarchical, agglomerative clusteriiy w

BIC stopping criterion [7, 10]. Each cluster is usually rep- 1 oyerview

resented by a single Gaussian and the generalized likelihoo

ratio (GLR) [11] has been commonly used as between clusAs we mentioned in Section 1, most of the speaker diarization
ters distance measure. Variations of this method have alsgystems perform voice activity detection, speaker chaege d
been proposed [5, 12], but they are still based on the sanfection, gender identification and speech segment clusteri
bottom-up clustering technique. Although, quite sucadssf and the block diagram of such system based on agglomera-
agglomerative clustering approach has several drawbhaks t tive clustering is shown in Fig.1.

limit the potential use of the speaker diarization systems i
the real-world, real-time applications. First, it reqsied! the
speech segments to be available before the clustering start
and, therefore, makes on-line processing impossible. Sec-
ond, the computational load increases almost exponentiall

Audio

I Speech Detection I

with the number of segments [13]. Finally, the performance _ j _
is greatly affected by the stopping criterion which is corsi I Change Detection !
ered a critical part of the algorithm [1]. - = -*_ - -

There are situations in which the task of speaker diariza- |Gender Classification |

tion must be performed on-line as the data steams in and the
clustering has to be done sequentially. A generic method M F
known as the leader-follower clustering [14] is the basis of Cluster Cluster

most of the on-line systems. One such system has been pro-
posed recently [13], where, as in the agglomerative clingjer

method, the speech segments are modeled by a single Gaus- | Recombination |

sian distribution and the GLR is used as a distance metric.

This reduces the clustering accuracy for short segments and i Speaker
times/labels

delays the decision until the whole segment is received. In
consequence, the system latency becomes dependent on the
segment’s length which can be up to 30 sec. or even longeFig. 1. Block diagram of agglomerative clustering speaker
Another sequential technique where speakers are repegsentliarization system.

by subspaces has also been studied [15]. However, it re-

quires at least 5 sec. long speech segments and has high Unsegmented audio data is fed to the voice activity de-
miss and false alarm rates. The speaker diarization systetaction module which outputs speech segments start and end
we have developed [16] is also based on the leader-followeime points. In most cases, detected speech segments are ho-
idea, but speakers are represented by Gaussian Mixture magtogeneous, i.e. they come from one speaker, but if there are
els (GMMs) rather than clusters of speech segments. In ouikely multi-speaker segments, optionally, speaker cleatey
system, when assigning speaker label to a given segmenméction is performed. In our system, we dont use speaker
first, it is decided whether it belongs to one of the knownchange detection. Next, for each speech segment, speaker
speakers or to a new speaker. Then, in the former case, speagender is determined by the gender identification module and
identification is performed and the winning speaker label isegments from male and female speakers are pooled into two
assigned to the segment. In the latter case, new speakersisparate sets. Then segment clustering is performed on each
registered to the system and his/her model is created. Thget and after simple time re-ordering, output speaker $abel
is similar to the classical open-set speaker identificatisk.  and times are obtained.

Each GMM is learned on-line every time it has been awinner.  Next subsections briefly describe each module of the sys-
New speaker’s GMM is created by spawning a speaker indeem.

pendent male or female GMM trained in advance. In addition,

each spea_ker_GMM h_as a_t?me_ counter Whi_ch is set to zerg 5 \/ice activity detection

whenever it wins the identification. Otherwise, the counter

is incremented by the current segment length. Models whodeor the voice activity detection (VAD), we use the standard
counter reaches some threshold T, are deleted from the systodel based approach. Non-speech events (pauses in this



case, but other event can also be modeled) are representgtierex andy are the two clusters to be merged, is the

by a single GMM and the speech is modeled by the two gemumber of frames in the clustet,is the feature vectors di-
der dependent GMMs. For each frame, the non-speech amdension, andy is a free parameter tuned on the development
speech (the better one from the two GMMS) likelihoods arelata.

passed through two separate median filters and the frame’s

label (speech / non-speech) is assigned by comparing the fil-

ters output. Then, a simple logic decides segments start and 3. ON-LINE CLUSTERING BASED SYSTEM

end points taking into account such parameters as minimum )

segment length, maximum pause in segment and maximurhl- Overview

speech in pause. The on-line system uses the same VAD and gender identifi-

_ o cation modules as the agglomerative clustering system. The
2.3. Gender identification main difference is the way speech segments are clustered.

The gender identification module uses the same gender de- | "€ System operation is schematically shown in Fig. 3.
pendent GMMs as the VAD module. Frame likelihoods cal-The speech segments and their reference speaker labets are a

culated already during the voice activity detection areuacc the top of the figure. The bottom part shows the speaker mod-

mulated from the segment’s start point. Then, the speaké'S and how they change in time. For each speech segment,
gender is determined by a simple maximum-likelihood clasthere is a winning model indicated by a thick border line. At

sification. the beginning, there are only three GMMs: one for pause (not
shown for clarity) and two for each speaker gender. They are
trained in advance from some labeled data. For the first seg-
ment, the speaker gender is identified (male in the figure) and

anew GMM is created from the male GMM. It is learned on-

line with the segment’s data, and from this point it becomes
the GMM for Speaker 1 (SP1 in the figure). The next seg-
ment is from the same speaker, so the SP1 GMM will be the
[ | [ | winner. It is again learned on-line with the second segrsent’
data. The third segment comes from a female speaker and the
I% }I I_Z|¥I same procedure is repeated resulting in a set of two speaker
GMMs. This way, the system generates a set of speaker mod-

els on the fly. If some GMM (SP1 in the figure) has not been

hd a winner for a long time, it is deleted from the system (indi-

Speaker 1 Speaker 2 cated by an “X” on the figure). Such operating mode allows
the system to work indefinitely.

Fig. 2. Agglomerative clustering. At the end of the algorithm,
segments from two speakers (bottom row) are clustered into spl Spl 5p2 SpN

two clusters (top row). < >— . D

The agglomerative clustering procedure is schematicall
shown in Fig. 2, where the lowest row shows seven speec
segments from two speakers. Next row shows how they are
clustered into four clusters. The top row represents the-clu — X

) f '—' SPL f f—'
tering result where segments from the two speakers are clus- !
tered into two clusters. Each cluster is modeled by a single [
Gaussian function with full covariance matrix and geneedi
likelihood ratio (GLR) was used as inter-cluster distaneam _. . .

. ) . Fig. 3. System operation. For each speech segment, the win-
sure. At each iteration of the clustering procedure, twotmos . : !
L2k ning GMM is denoted by bold border lines. The pause GMM
closest clusters are merged. Merging is stopped when tk}g not shown for clarit
change in the Bayesian information criterion statistiB(C) Y-
turns positive. The GRL andBIC are defined as follows:

2.4. Segment clustering

|ZmUy|NmUU/2 (l) ao N o .
|ZT|NT/2|Ey Ny /2 L. ovelty detection

GLR;, =

The purpose of novelty detection is to decide whether the cur

d(d +3)
ABIC =log GLRz,y — o ( 1 ) log Nauy rent segment comes from one of the registered speakers or



from a new speaker. This is a typical hypothesis testingprolon-line EM, statistics and parameters are updated aftdr eac
lem, where the standard solution is the likelihood ratid. ths  observationc using the following equations:
is formulated as follows:
L flx,y) > (t) =< f(z,y) > (t — 1)+ (7)
Xe { I () n(0)f @(0), y ()P~ < flw,y) > (t—1)]
wy, if LX) <@

_ o where< f(z,y) >; (t) is the statistic function of the com-
whereX = {z;},i = 1,..., DL is a decision length speech plete data(z, y). The posterior probability of the Gaussian
segmentyy is a class corresponding to the hypotheis  component given the previous parameter €t ; is defined
i.e. old speaker. Respectively, corresponds té{y, i.e. new asP;(t) = P(i|z(t),y(t),0,_1). The learning rate)(t) sat-

speaker. The likelihood ratio is: isfies the constraints:
P(X|wo) 1>9(t) > 1/t 8
L(X) = 3 >n(t) > 1/ (8)

The new parametef8, are obtained from:
There are various ways to defipéX|w;). Considering the

available set of GMMs, a straightforward approach is to de- ci(t) = <1>(t) 9)
fine them as: wit) = <Kx>; )/ <1>; ()
20) = <a?>; () < 1> (t) — pi(t
P(Xlo) = Py =maxp(X]A) @ 70 v/ 0=t
! The on-line EM converges faster than the standard EM,
P(X|w1) = Pgen = max(p(XP\male)ap(Xp\female)) g

but even few iterations could increase too much the computa-
whereA = {)\,} is the current set of speaker GMMs. An- tional load for a real-time system. On the other hand, given a
= {) )

other approach, often used in speaker verification is to eefinNiNité number of data drawn from the same distribution, the
p(X|w) as: on-line EM can be considered as a stochastic approximation

[21]. In practice, this means that as long as there is enough

1 data, model parameters can be approximated in one pass. In

p(X|w1) = Pave = n— 1(ZP(X|/\J') ~Pp) ) this case, the learning raigt) should satisfy the conditions:
J

i.e. the average of all model likelihoods except for the win- n(t) == o, Zn(t) = 00, 2772@) < 00 (10)
ning model. Herew = |A| is the size of the speaker set. Ex- =1

perimentally we verified that combining the two approaches

works better than either of them. In this case the IikelihooqCommonly used function that satisfies these conditions ds we
ratio is: as Eq.(8) is:
P2p 1
= 55— 6) t) = 1 11
Pyen Pave n(t) wrs 1>9e>0 (11)

The threshold is usually estimated using a developmentdatad,nereq andb are parameters which control the learning pro-

set. ) . _cess. The past samples forgetting speed dependswhile
Although separated in a different module, the speaker idepzets the learning speed of the new samples.

tification is implicitly performed during the novelty detec  Thjs algorithm allows fast and inexpensive on-line learn-
tion task since the best speaker likelihood is requiredtier t j,q of the system GMMs. As in the batch EM case, the initial
likelihood ratio calculation. The same holds for the gendeparameter values play important role in the learning spaed a
identification. If the winning hypothesis iy, then the best  he precision of the final estimates. Therefore, it is dégira
speaker is identified frorft,,. Otherwise, the winning gender fo the initial values to be as close as possible to the treson

L(X)

is found fromPy.,. In our system, the gender dependent GMM parameters are the
best available initial values for every speaker model aadl th
3.3. On-line GMM learning is why they are used for the new GMM generation.

This technique is the one that allows the whole system to op-
erate on-line and makes it different from all other systems.
The main algorithm for off-line GMM parameter estimation
is the Expectation-Maximization (EM) algorithm. Not long
ago, incremental versions of it were proposed [17, 18], Wwhic For the system evaluation, we used the data released for the
facilitated the development of on-line variants [19, 2@]the  TC-STAR 2007 evaluation campaign [22]. The data consists

4. EXPERIMENTS

4.1. Database and pre-processing



of recordings of the European Parliament plenary speeche4.4. On-line clustering system performance

From the training part of the database, we selected about 20 , L

min of silence data for building the pause model. For the genE©" the on-line speaker diarization system, the DER results
der dependent models, about 2 min. of speech from each fpr both the development and evaluation data are summarized
20 male and 15 female speakers was used. The official ddh Table 3. Ee_mch row corresponds to the case when the system
velopment set was used as development data (“dev”), and thalency was fixed to 1 to 5 seconds.

evaluation set from the TC-STAR 2006 campaign was used

for the final system evaluation (*eval’). Table 3. The full system performance in terms of DER (%).

All audio data were transformed into 26 dimensional fea- System| Collar = 0.0] Collar = 0.25
ture vectors consisting of 12 MFCC coefficients, power and latency [ dev | eval | dev | eval
their first derivatives. The frame length and rate were 20 and 1sec. | 1411 212 11.5| 194

10 ms. respectively. 2sec. | 9.4 | 188 6.7 | 16.8
3sec. | 7.2 | 138 46 | 11.9
4sec. | 6.6 | 13.1| 4.0 11.3

4.2. Voice activity detector performance 5sec. | 66| 121 39 | 102

We first evaluated the performance of the voice activity de-

tector. The evaluation metric was the speaker diarization e

ror rate (DER) given that all speech segments have correct As can be seen, the performance improves rapidly when
speaker label. The DER is a time wighted sum of miss errorghe system latency, is increasedste- 4 sec. and then stays
false alarms and speaker errors. Since there will be no speakalmost the same. The error rates for the evaluation data are
errors in this setup, the DER will show the VAD performanceabout two times higher than the development data, which sug-
and it is shown in Table 1 for both the development “dev”gests that the DER is sensitive to the irrecoverable errers i
and evaluation “eval” data. The minimum segment length foherent in the on-line, one-pass systems. Nevertheless, the
detection was set to 1 or 2 seconds. Bigger values did not ingverall performance is less than 10%, which is in the range of
prove the results. Typically, a forgiveness collar of 0.26 s the best off-line multi-pass speaker diarization systeks.
around the reference segment boundaries is set when the DE® the processing speed, the system showed real time factor
is calculated. Results with no collar are also presenteldén t of less than 0.1xRT.

table.

5. CONCLUSIONS
Table 1. VAD performance in terms of DER (%).

Min. segment| Collar=0.0[ Collar = 0.25 We described two systems for the speaker diarization task:
length dev] eval | dev] eval one based on agglomerative clustering and another using on-
1 sec. 43| 45 | 19 25 line clustering approaches. The former has more popular de-
2 sec. 45| 46 | 2.3 25 sign and is quite accurate, but has several drawbacks, such

as off-line operation and high computational cost. Theetatt
works on-line, operates in real-time and thanks to the usage
of advanced on-line learning techniques and original aesig
in some cases it performs even better that the off-line syste
4.3. Agglomerative clustering system performance
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