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Abstract

This paper addresses the problem of speaker diarization in
the specific context of meeting room recordings which of-
ten involve a high degree of spontaneous speech with large
overlapped speech segments, speaker noise (laughs, whispers,
coughs, etc.) and very short speaker turns. A large variability
in signal quality has brought an additional level of complexity.
This paper investigates the effects of speech activity detection
and overlapped speech through speaker diarization experiments
conducted on the NIST RT’05 and RT’06 data sets. Results
indicate that our system is highly sensitive to the shape of the
initial segmentation and that, perhaps surprisingly, perfect ref-
erences can even degrade performance. Finally we propose a
direction for future research to incorporate confidence values
according to acoustic attributes in order to unify what is cur-
rently a somewhat disjointed approach to speaker diarization.
Index Terms: speaker diarization, meeting room, speech activ-
ity detection, overlapped speech.

1. Introduction
The speaker diarization task is an especially important contri-
bution to the overall Rich Transcription (RT) paradigm, as ev-
idenced by the RT evaluation campaigns administered by the
National Institute of Standards and Technology (NIST). Also
known as “Who spoke When”, the speaker diarization task con-
sists in detecting the speaker turns within an audio document
(segmentation task) and in grouping together all the segments
belonging to the same speaker (clustering task). Applied ini-
tially to conversational telephone speech and subsequently to
broadcast news, the current focus is on meeting room record-
ings, a task which poses a number of new challenges. Meeting
room recordings often involve a greater degree of spontaneous
speech with large overlapped speech segments, speaker noise
(laughs, whispers, coughs, etc.) and very short speaker turns.
Due to the availability of many different recording devices and
room layouts, a large variability in signal quality has brought
an additional level of complexity to the speaker diarization task
and more generally to the RT domain. This paper addresses
the two most immediate and specific difficulties associated with
meeting room recordings: non-speech event detection and over-
lapped speech.
Speech activity detection (SAD) is an intrinsic process of
speaker diarization systems. The complexity of SAD tends to
increase when applied to the meeting room environment due to
the inherent variability in signal quality. As dictated by standard
NIST protocols the performance of SAD systems is assessed
in terms of the missed speaker error rate (speakers labelled as
non-speech events) and the false alarm speaker error rate (non-
speech events labelled as speakers) [1]. False alarms may influ-
ence the speaker diarization process since mis-classified non-
speech events will contaminate the process as potential speak-

ers. On the other hand, an under-zealous SAD process which
identifies fewer and smaller speech segments may not yield suf-
ficient data to reliably train each speaker’s model and in turn
may also adversely affect the behaviour of the speaker diariza-
tion system.
Overlapped speech is one of the main characteristics of sponta-
neous speech, and consequently of meeting room recordings.
Very few researchers have studied overlapped speech, espe-
cially in meeting room environments [2, 3]. This is changing
rapidly however as, for the first time, the most recent NIST
RT’07 evaluation campaign contains an overlapped speech de-
tection task. Since current state-of-the-art automatic systems
are not currently capable of detecting overlapped speech, they
are systematically involved in the speaker diarization process in
the same manner as single-speaker segments. Therefore, it can
be assumed that multi-speaker segments may disturb the statis-
tical modelling processes involved in classical speaker diariza-
tion for both the speaker turn detection and clustering tasks.
This paper presents an original assessment on the impact of
speech activity detection and overlapping speaker segments on
a state-of-the-art speaker diarization system. The remainder of
this paper is organised as follows: Section 2 presents the base-
line E-HMM based speaker diarization system that was used
for the experimental work reported in this paper. Section 3 de-
fines the experimental protocol (corpora and evaluation metric).
Sections 4 and 5 report experiments which assess the effects of
non-speech event detection and overlapped speech. Finally, our
conclusions are presented in Section 7.

2. Speaker diarization system
This work is concerned with the multiple distant microphones
located on the meeting room tables (MDM task of the RT’05
and RT’06 evaluation plans [1]). For all experimental work re-
ported in this paper, the different channels are processed very
simply by summing related signals in order to yield a unique
virtual channel which is used in all subsequent stages. No inter-
channel delay compensation is performed.
The LIA speaker diarization system was developed using the
open source ALIZE speaker recognition toolkit [4] and is com-
posed of 4 main steps:
• Speech/non-speech detection
• Pre-segmentation
• Speaker segmentation and clustering
• Post-normalisation and resegmentation

2.1. Speech/non-speech detection

The speech activity detection (SAD) algorithm employs feature
vectors composed of 12 un-normalised Linear Frequency Cep-
strum Coefficients (LFCCs) plus energy augmented by their
first and second derivatives. It utilises an iterative process
based on a Viterbi decoding and model adaptation applied to
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a two-state HMM, where the two states represent speech and
non-speech events respectively and are initialised with a 32-
component GMM model trained on separate data using an
EM/ML algorithm. State transition probabilities are fixed to
0.5. Finally, some duration rules are applied in order to re-
fine the speech/non-speech segmentation yielded by the itera-
tive process.

2.2. Pre-segmentation

The pre-segmentation phase aims to provide an approximate
speaker turn labelling to initialise and speed-up the subsequent
segmentation and clustering stages. Now the signal is char-
acterised by 20 LFCCs, computed every 10ms using a 20ms
window. The cepstral features are augmented by energy but no
feature normalisation is applied at this stage. A classical gen-
eralised likelihood ratio (GLR) criterion-based speaker turn de-
tection is applied to two consecutive 0.5-second-long windows
with a 0.05 second shift (single diagonal matrix Gaussian com-
ponents). Once speaker turns are detected, a clustering process
is applied in order to group together successive segments that
are deemed to be sufficiently similar according to a thresholded
GLR criterion.

2.3. Speaker segmentation and clustering

This step is the core of the LIA speaker diarization system. It
relies on a one-step segmentation and clustering algorithm in
the form of an evolutive hidden Markov model (E-HMM) [5]:
each E-HMM state aims to characterise a single speaker and
the transitions represent the speaker turns.
This process, still based on 20 LFCCs plus energy coefficients,
can be defined as follows:
1. Initialisation: The HMM has only one state, called L0. A
world model with 128 Gaussian components is trained on the
entire audio show. The segmentation process is initialised with
the segmentation outputs issued from the pre-segmentation
stage which are utilised for the selection process.
2. Speaker addition: a minimum 3-second-long candidate
segment is selected among all the segments belonging to
L0 according to a likelihood maximisation criterion. The
selected segment is attributed to Lx and is used to estimate the
associated GMM model.
3. Adaptation/decoding loop: The objective is to detect all
segments belonging to the new speaker Lx. All speaker models
are re-estimated through an adaptation process according to
the current segmentation. A Viterbi decoding pass, involving
the entire HMM, is performed in order to obtain a new
segmentation. This adaptation/decoding loop is re-iterated
while some significant changes are observed on the speaker
segmentation between two successive iterations.
4. Speaker model validation and stop criterion: The current
segmentation is analysed in order to decide if the new added
speaker Lx is relevant, according to some heuristical rules on
the duration of the segments corresponding to speaker Lx.
The stop criterion is reached if there are no more minimum
3-second-long candidate segments available in L0 which may
be used to add a new speaker; otherwise, the process goes back
to step 2.

The segmentation stage is followed by a resegmentation pro-
cess, which aims to refine the boundaries and to delete irrele-
vant speakers (e.g. speakers with too short speech segments).
This stage is based on the third step of the segmentation process
only: an HMM is generated from the segmentation and the it-
erative adaptation/decoding loop is launched. Here, an external
world model, trained on microphone-recorded speech, is used

for the speaker model adaptation.
The resegmentation stage does not utilise the pre-segmentation
output. Indeed, all the boundaries (except speech/non-speech
boundaries) and segment labels are re-examined during this pro-
cess.

2.4. Post-normalisation and resegmentation

As reported in the literature [6] and drawing upon the speaker
recognition domain, this last step consists in applying data nor-
malisation. The resegmentation phase, described in the previous
section, is repeated, but with a different parameterisation and
now with data normalisation. Here the feature vector, compris-
ing 16 LFCCs, energy, and their first derivatives, are normalised
on a segment-by-segment basis to fit a zero-mean and unity-
variance distribution. This segment-based normalisation relies
on the output segmentation issued from the first resegmentation
phase. The application of such a normalisation technique at the
segmental level facilitates the estimation of the mean and vari-
ance on speaker-homogeneous data (compared with an estimate
on the overall audio file involving many speakers).

3. Experimental protocol
3.1. Meeting corpora

The experiments reported in this paper were conducted on two
different databases: the RT’05 and RT’06 data sets of the 2005
and 2006 NIST RT evaluation campaigns respectively (confer-
ence sub-domain) [1]. These data sets include between 8 and
10 meeting excerpts of about 12 minutes each, recorded at 4
or 5 different sites. The number of meeting participants varies
from 4 to 9. In the same manner, rooms are equipped differ-
ently, involving various kinds of acquisition/recording devices.
Lapel, head and table microphones and microphone arrays may
be available. Therefore, a signal file is provided for each micro-
phone located in a meeting room.
In this paper, the focus is made on the table microphones, for
which the number of microphone channels varies from 2 to 7.

3.2. Performance measurement

The performance of the speaker diarization system is expressed
in terms of the Diarization Error Rate (DER in %) which mea-
sures, in combination, both the quality of the speech activity
detection (through the missed speaker error rate, denoted Mis
and the false alarm speaker error rate, denoted FA) and the
speaker diarization system quality (through the speaker error
rate, denoted Spk). The DER is a standardised error metric
as detailed in [1]. For all experiments, the DER is computed
over all speech, excluding the overlapped speech (as specified
by NIST until the RT’06 evaluation) although this overlapped
speech has been taken into account in the speaker diarization
process.
It should also be noted that the speaker diarization references
that were used for all work reported in this paper are, due to
their earlier availability, the ICSI/SRI forced alignment refer-
ences [7] and not the manual transcription files proposed by
NIST.

4. Non-speech effects
This section aims to investigate the impact of speech activity
detection on the speaker diarization process. This impact will
be evaluated through different configurations:
• (1-Ref) by using the reference segmentation, in which all the
non-speech segments have been removed;
• (2-FA/0) by mixing the reference and automatic speech/non-
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speech segmentations (issued from the automatic speech
activity detection, described in section 2.1) in order to remove
all the non-speech segments mis-classified as speech by the
automatic process (false alarm speaker error rate fixed to 0%);
• (3-Mis/0) by mixing the reference and automatic speech/non-
speech segmentations in order to remove all the speech
segments mis-classified as non-speech by the automatic
process (missed speaker error rate fixed to 0%);
• (4-Auto) by using the automatic speech/non-speech segmen-
tation.

Table 1 presents the results of the speaker diarization pro-
cess, for both the RT’05 (top) and RT’06 (bottom) data sets for
these different configurations. Performance is provided for each
individual meetings as well as for the overall sets (last row).
Even with perfect speech activity detection (no missed or false
alarm error rates), the best performance (indicated in boldface)
in terms of speaker error rate (Spk) is achieved with 33% of files
when compared with the other configurations. In contrast, with
automatic speech/non-speech detection, now with missed and
false alarm error rates, the best performance is achieved with
39% of files (3 additional files give performances very close
to the best). Secondly, the comparison of the (2-FA/0) and (4-
Auto) configurations shows that in most cases, performance is
quite similar (for 5 files) or better with automatic segmentation
(for 8 files). The comparison of the (3-Mis/0) and (4-Auto) con-
figurations leads to a similar distribution (8 similar and 6 better
for automatic segmentation). Thirdly, the comparison of the (2-
FA/0) and (3-Mis/0) configurations highlights that the (2-FA/0)
configuration exhibits higher speaker error rates or quite similar
to those of the (3-Mis/0) configuration (78% of files). Finally,
regarding the (4-Auto) configuration, 67% of files have a simi-
lar or better speaker error rate than the (2-FA/0) and (3-Mis/0)
configurations.
These different observations show that the speaker diarization
system may be very sensitive to the speech/non-speech seg-
mentation. Indeed, even if the speech/non-speech segmenta-
tion is perfect (as with the reference segmentation), the “shape”
of the segmentation in terms of segment quantity and length
can affect the speaker diarization system behaviour. Regarding
for instance the RT’05 data set, the (1-Ref) configuration gives
around 3000 speech segments, (2-FA/0) 2000 speech segments,
(3-Mis/0) 730 speech segments and the (4-Auto) 670 speech
segments. These discrepancies can explain why more accurate
segmentations do not lead, in most cases, to a significant de-
crease in the speaker error rate: averaged DERs for the RT’05
and RT’06 data sets are similar or worse than compared with
the automatic speech/non-speech segmentation.

5. Overlapped speech effects
Overlapped speech is a significant characteristic of meeting
room recordings as is illustrated in Table 2 in which the second
column shows the percentage of overlap per file for the RT’05
(top) and RT’06 (bottom) data sets. The overlap ranges from 1
to 25%.
The motivation of the experiments reported here is to assess the
effects of overlapped speech on the speaker diarization process.
The effects are empirically evaluated by comparing diarization
performance while:
• applying the baseline system described in section 2, on the
entire meeting file;
• cleaning automatic speech/non-speech segmentations of over-
lapped speech (issued from references) and applying the base-
line speaker diarization system.

Table 2 illustrates the performance of the speaker diarization

Table 1: Speaker diarization performance for the RT’05 and
RT’06 data sets, expressed in terms of Missed speaker (Mis),
False Alarm (FA) and speaker error rates (Spk) according to dif-
ferent configurations: (1-Ref) reference segmentation w/o non-
speech segments, (2-FA/0) automatic speech/non-speech seg-
mentation with false alarm error corrected, (3-Mis/0) automatic
speech/non-speech segmentation with missed errors corrected
(4-Auto) automatic speech/non-speech segmentation.

1-Ref 2-FA/0 3-Mis/0 4-Auto
Test RT’05 Spk Mis Spk FA Spk Mis FA Spk

AMI 20041210 0.7 0.6 1.1 0.9 2.3 0.6 0.9 1.3
AMI 20050204 16.7 1.3 21.1 1.0 10.4 1.3 1.0 34.6
CMU 20050228 21.4 5.2 7.6 1.0 4.5 5.2 1.0 6.2
CMU 20050301 7.6 0.6 13.5 1.9 13.7 0.6 1.9 13.8
ICSI 20010531 12.8 4.3 29.5 3.2 16.2 4.3 3.2 13.5
ICSI 20011113 35.3 1.1 49.0 2.9 41.6 1.1 2.9 32.3
NIST 20050412 22.6 0.0 30.5 4.4 2.6 0.0 4.4 2.1
NIST 20050427 6.0 0.3 8.9 6.5 6.1 0.3 6.5 7.3
VT 20050304 18.4 0.4 31.6 1.2 20.8 0.4 1.2 8.9
VT 20050318 12.8 2.5 17.0 2.3 18.3 2.5 2.3 26.0
Overall’05 15.1 1.6 22.5 2.5 13.6 1.6 2.5 14.0

1-Ref 2-FA/0 3-Mis/0 4-Auto
Test RT’06 Spk Mis Spk FA Spk Mis FA Spk

CMU 20050912 4.5 0.1 3.4 8.1 10.1 0.1 8.1 11.3
CMU 20050914 7.5 0.7 4.9 3.6 53.9 0.7 3.6 4.2
EDI 20050216 23.8 1.6 15.1 1.6 40.2 1.6 1.6 22.6
EDI 20050218 5.9 1.0 10.5 2.7 11.6 1.0 2.7 10.7
NIST 20051024 9.4 0.5 22.4 2.0 9.4 0.5 2.0 9.3
NIST 20051102 11.4 0.2 10.6 3.9 15.0 0.2 3.9 22.9
VT 20050623 13.2 0.4 13.8 8.0 3.6 0.4 8.0 3.3
VT 20051027 29.7 1.5 27.7 3.0 15.3 1.5 3.0 11.0
Overall’06 12.9 0.7 13.5 4.0 19.7 0.7 4.0 12.2

system according to these two configurations. Three main
trends can be highlighted: (1) cases for which the baseline sys-
tem using the entire file outperforms the case where the au-
tomatic speech/non-speech segmentations are cleaned of over-
lapped speech (in boldface), (2) cases for which the use of the
segmentations cleaned of overlapped speech outperforms the
baseline, (3) cases for which the difference is not considered
as significant (in italic). Results indicate that, perhaps surpris-
ingly, across the two data sets a performance loss is observed
for only 1/3 of files when overlapped speech is involved in the
speaker diarization process (case 2 above).
In particular CMU 20050228 (RT’05, top) exhibits 23% over-
lapped speech yet the baseline error rate of 6% rises to 26%
when overlapped speech segments are removed. Similar be-
haviour may be observed with other meetings, which exhibit
more than 20% overlapped speech. In these cases overlapped
speech does not appear to significantly affect the speaker di-
arization process and the removal of overlapped speech leads to
a significant performance loss.
However, some files exhibit a lower speaker error rate
when overlapped segments are removed. In particular for
EDI 20050218 (RT’06, bottom) the removal of 13% overlapped
speech results in a speaker error rate of 11% dropping to 3%.
Here, confusion between speakers has been significantly re-
duced by cleaning the segmentation of multi-speaker segments.
Moreover, the system detects the right number of speakers (the
baseline system erroneously detects two additional speakers).
Regarding the average performance, DERs for the RT’05 and
RT’06 data sets increase from 14% to 16% and from 12% to
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Table 2: Speaker diarization performance for the RT’05 and
RT’06 data sets expressed in terms of Missed speaker (Mis),
False Alarm (FA) and speaker error rates (Spk) according to:
(1) baseline system and (2) baseline system cleaned of over-
lapped speech segments.

Baseline Baseline cleaned of
overlapped speech

Test RT’05 Overlap Mis FA Spk Mis FA Spk
Rate(%)

AMI 20041210 2.7 0.6 0.9 1.3 0.6 0.9 0.8
AMI 20050204 9.5 1.3 1.0 34.6 1.3 1.0 31.8
CMU 20050228 22.8 5.2 1.0 6.2 5.2 1.0 25.8
CMU 20050301 12.8 0.6 1.9 13.8 0.6 1.9 13.9
ICSI 20010531 7.8 4.3 3.2 13.5 5.3 3.2 26.7
ICSI 20011113 18.7 1.1 2.9 32.3 1.1 2.9 30.0
NIST 20050412 20.9 0.0 4.4 2.1 0.0 4.4 9.9
NIST 20050427 8.5 0.3 6.5 7.3 0.3 6.5 4.3
VT 20050304 1.0 0.4 1.2 8.9 0.4 1.2 9.9
VT 20050318 8.5 2.5 2.3 26.0 2.5 2.3 10.0
Overall’05 11.0 1.6 2.5 14.0 1.6 2.5 16.0

Baseline Baseline cleaned of
overlapped speech

Test RT’06 Overlap Mis FA Spk Mis FA Spk
Rate(%)

CMU 20050912 25.6 0.1 8.1 11.3 0.1 8.1 17.1
CMU 20050914 24.0 0.7 3.6 4.2 0.7 3.6 12.8
EDI 20050216 10.3 1.6 1.6 22.6 1.6 1.6 38.7
EDI 20050218 12.5 1.0 2.7 10.7 1.0 2.7 2.8
NIST 20051024 15.8 0.5 2.0 9.3 0.5 2.0 8.8
NIST 20051102 11.3 0.2 3.9 22.9 0.2 3.9 19.4
VT 20050623 19.0 0.4 8.0 3.3 0.4 8.0 3.8
VT 20051027 4.7 1.5 3.0 11.0 1.5 3.0 16.8
Overall’06 15.5 0.7 4.0 12.2 0.7 4.0 15.1

15% respectively when overlapped speech segments are dis-
carded. The difference in performance is, perhaps surprisingly,
small and would suggest that the diarization system is at least
somewhat robust to overlapped speech segments.
Following the observations reported above, the assumption that
overlapped speech may adversely affect the speaker diarization
process from a statistical viewpoint can be questioned and tends
to be context-dependent.
From another point of view, cleaning segmentations of over-
lapped speech also has an impact on the length and number of
segments, especially in the case of a large amount of overlapped
speech. This may affect the speaker diarization process as re-
ported in the previous section. Because of this sensitivity, it is
quite difficult to draw relevant conclusions about the real effects
of the overlapped speech on the speaker diarization process.

6. Discussion
The experiments conducted on the speech/non-speech segmen-
tation and overlapped speech highlight the importance of the
initial segmentation in the speaker diarization system. Indeed,
observations reported previously show that the “shape” of the
segmentation (length and number of segments) is very pertinent
and can affect the speaker diarization process. If the signal has
to be cleaned of irrelevant acoustic events (especially in the case
of non-speech signals to limit the false alarm error rates, but also
overlapped speech), this pre-processing cannot be performed
without taking into account the functioning of the speaker di-

arization system. In this sense, we argue that performing the
pre-processing and the speaker diarization system successively
as two separate steps is not necessarily the optimal approach in
order to maximise the benefit of the enhanced initial segmenta-
tion. As an alternative, we propose to assign confidence values
according to the type of information carried by the signal (and
detected by the pre-processing), and to handle these values di-
rectly in the speaker diarization system without imposing on the
system a large number of segments. According to the speaker
diarization process utilised in this paper, these confidence val-
ues would be involved in both the training and decoding steps.
This is the direction of our future work.

7. Conclusion
This paper investigates the effects of speech activity detection
and overlap on a speaker diarization process in the context of
meeting room recordings. Experiments conducted on two data
sets, issued from the NIST RT’05 and RT’06 evaluation cam-
paigns, outline interesting behaviours of the speaker diariza-
tion system. First, the latter is more sensitive to the “shape”
of the initial segmentation (speech/non-speech segmentation or
cleaned of overlapped speech), than to its quality (even with
a perfect, errorless segmentation). Therefore, it is quite dif-
ficult currently to support one interpretation regarding the ex-
perimental results for both the speech/non-speech effects and
the overlapped speech. Secondly, based on the experiments,
the authors propose an original approach to deal with the non-
relevant acoustic events (still necessary) and their implications
in the speaker diarization process. Future work will focus on
this proposal.
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