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Abstract

A substantial portion of errors of the conventional speaker
diarization systems on meeting data can be accounted to over-
lapped speech. This paper proposes the use of several spatial
features to improve speech overlap detection on distant chan-
nel microphones. These spatial features are integrated into a
spectral-based system by using principal component analysis
and neural networks. Different overlap detection hypotheses
are used to improve diarization performance with both over-
lap exclusion and overlap labeling. In experiments conducted
on AMI Meeting Corpus we demonstrate a relative DER im-
provement of 11.6% and 14.6% for single- and multi-site data,
respectively.

Index Terms: speaker overlap detection, speaker diarization,
cross-correlation

1. Introduction

Simultaneous speech by two or more speakers is a naturally oc-
curring event in human conversation. For instance in a meeting
environment, people tend to give backchannel to the leading
speaker, or try to grab floor from him, herewith creating speaker
overlaps. This phenomenon is observable even with few peo-
ple involved in the conversation [1]. Overlapped speech poses
a problem for many automatic human language technologies,
speaker diarization being one of them. The speaker diarization
task aims to give answer to the question “Who spoke when?”, in
general, without any prior information about the speakers. The
drawback of conventional diarization systems concerning over-
lapped speech is that they are able to assign only one speaker
label per segment, which, obviously, leads to missed speech
for overlapped speakers. Furthermore, including simultaneous
speech into the creation of cluster models can be a potential
source of speaker error, since the models are less pure.

Several works on the detection of overlapped speech in
meetings make use of personal (close-talking) microphones.
The usual way is to segment each of the individual speaker
channels with an ergodic hidden Markov model (HMM). In [2],
overlap was marked in a post-processing step based on cross-
correlation analysis, whereas in [3], overlapped speech was one
of the decoding classes. A more simple solution, without the
necessity of training a model, can be found in [4].

A few of presented algorithms employ distant microphones
exclusively. For instance, the authors in [5] proposed to use mi-
crophone pair time delays to segment audio according to a fixed
number of speakers. They assumed the location of speakers
will not change and showed the possibility to detect two simul-
taneous speakers by modeling short-term turns for each speaker
combination. The method suggested in [6] used a previous
diarization segmentation to create a Gaussian mixture model
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(GMM) for all pairs of detected speakers. These were then in-
tegrated with individual cluster states into a new HMM and the
meeting data was resegmented again. Even though overlap was
detected with this approach, it did not lead to decreasing the
diarization error. Overlap detection system for single distant
channel presented in [7] is an HMM-based segmenter that uti-
lized various features, e.g., cepstrum, entropy, modulation spec-
trogram, etc. Detected overlaps were subsequently applied in
diarization and in experiments on AMI corpus the authors were
able to achieve up to 6.8% relative DER improvement on multi-
site data.

In this paper we are proposing to use several cross-
correlation-based spatial features for improving overlap detec-
tion on distant channel data and to integrate them into a spectral-
based overlap detection system. The dimensionality of spatial
feature space is very high and can also vary across different
meeting rooms. To deal with these issues we are suggesting two
strategies for fusion of spectral and spatial information. In the
first, we reduce and unify the size of spatial feature vectors with
principal component analysis (PCA), similar approach was also
chosen for diarization purposes in [8]. In the second strategy,
a multilayer perceptron artificial neural network (ANN) is ini-
tially trained with spatial information. Then, sets of spatial fea-
tures for all microphone pairs are sequentially fed to the ANN
to obtain a classification score. This score is later added to the
spectral vector.

There are two ways how detected overlapped speech can
aid diarization. Overlaps can be excluded from cluster-building
stage with the purpose of decreasing speaker error and an extra
speaker label can be given for these segments to recover some
of the missed speech. These two techniques are quite different
in their manner, hence we believe that diarization would ben-
efit more if each technique would use its own tailored overlap
detection hypothesis instead of using just a single hypothesis
for both. Proposed methods were evaluated on AMI Meeting
Corpus on single- and multi-site recordings.

This paper is organized as follows. Baseline overlap detec-
tion is described in Section 2. Spatial features and fusion are
detailed in Section 3 and 4. Speaker diarization system and its
improvements are briefly outlined in Section 5. Experimental
results and conclusions are given in Section 6 and 7.

2. Baseline overlap detection

Baseline overlap detection utilizes a number of spectral-based
features, namely 12 MFCCs extracted every 10 ms over a win-
dow of 30 ms, residual energy of a 12th-order LPC (LPCRE)
computed over a 25 ms window, spectral flatness (SF) over 30
ms and first order differences. Spectral flatness was applied
for discrimination between speech and non-speech [9], but can
eventually convey information about the number of speakers
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Figure 1: Overlap detection system diagram

speaking [7]. It is defined as the ratio between geometric and
arithmetic mean of a certain number (100 in our case) of spec-
tral magnitudes

NI, mag(i)
SN mag(i)

Features were mean-variance normalized according to global
statistical moments of the training data.

Similar to [7], our system considers three acoustic classes
representing non-speech, single-speaker speech and overlapped
speech. For a more accurate modeling of transitions between
them a three-state HMM was defined for each class, where each
state’s feature-vector distribution is modeled with a diagonal-
covariance GMM. Since the amount of training data for the
three classes is not balanced, we are using 256 Gaussian com-
ponents for single-speaker speech and 32 or 64 components for
overlap and non-speech. GMMs are created by iterative Gaus-
sian splitting technique and subsequent re-estimation.

Detection hypothesis is obtained by Viterbi decoding and
applying a word network whose topology is depicted in Fig. 1
in the HMM decoder block. For precision purposes the transi-
tion from single-speaker speech to overlapped speech can be pe-
nalized with an overlap insertion penalty (OIP) and some tran-
sitions are completely forbidden.

SFMdB = 1Olog10 (1)

3. Spatial features

The cross-correlation function is well-known as a measure of
the similarity between signals for any given time displacement
and ideally its maximum lies in correspondence to the delay
between the pair of signals [10]. A commonly used technique
to estimate the time delay that performs robustly in reverberant
environments is the Generalized Cross Correlation with Phase
Transform weighting (GCC-PHAT) [11]. For a pair of micro-
phones ij, it can be expressed in terms of the inverse Fourier
transform of the estimated cross-power spectrum, G (f), as

follows, ~ G (f)
R, (1) = / ey @)
’ — oo ‘Gij (f)‘
And the time delay estimation (TDE) is as follows:
7 ©)]

,; = argmax R, (T)
r

The value of the GCC-PHAT peak provides a measure of
the coherence between signals independent of the microphone
gains or the signal powers, and depends on the distance between
microphones, the distance between acoustic source and micro-
phone pair and on the environmental noise and reverberation
conditions.
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In situations dealing with multiple, possibly moving, con-
current speakers, we have observed that the time delay esti-
mates produced by the GCC-PHAT jump from one speaker to
another at a very high rate as one source dominates due to the
non-stationarity of the voice. The maximum value of the cross-
correlation sequence is also lower than in the single speaker sit-
uation, since multiple speakers introduce random peaks, which
in the general case attenuate the main peak.

Based on these observations we are proposing several cross-
correlation-based spatial features for every microphone pair that
provide some degree of information on speaker overlaps.

An easily observable feature is the coherence value, de-
fined in eq. 4. This is the value of principal peak of the GCC,
and in ideal condition should be high for single-source situa-
tions. Noises, reverberation and concurrent acoustic sources
will lower this value.
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Derived from the coherence value, we are also proposing
to extract the coherence dispersion ratio, as shown in eq. 5.
This value is computed as the relation of the square of main
peak value and the sum of secondary peaks square values cor-
responding to other acoustic sources that may be present in the
scenario as follows,

= maX(RU (7-))
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where the size of the window w,; is adjusted to TDE standard
deviation of the microphone pair ij, that is related with the pos-
sible delay range that can be measured by the pair. Note that the
window length w, ; varies for different microphone pairs.

Finally, the delta of TDE for every microphone pair also
carries information on overlaps. The first order derivative of the
TDE is high in situations where the speaker is moving, multiple
non-concurrent speakers change turns or multiple speakers talk
simultaneously.

4. Fusion

One of the main problems that arise is the high dimensional-
ity of spatial feature vectors. A recording involving 12 micro-
phones yields to 66 pairs and 198 features. Also the number of
microphones differs from site to site, making it difficult to train
a general model. Our first strategy for dimensionality reduction
and unification is the application of PCA, which transforms the
original feature space into a new coordinate system with the
greatest variance lying on the first component. We estimated a
separate transformation matrix for every discussed spatial fea-
ture for each site and then used just the first principal compo-
nent. Hence, in the given example with 12 microphones we



would end up with one transformed coherence, one dispersion
and one delta TDE.

Another issue is that the proposed spatial features are,
in general, not comparable across different microphone pairs,
since they are intrinsically tied to physical characteristics of the
pair like the inter-microphone distance. To normalize the spa-
tial features and reduce their dimensionality we are considering
a four-layer perceptron. The input of the ANN is composed by
6 input neurons, 3 for spatial features and 3 for normalization
values (mean of coherence, variance of coherence, variance of
TDE) for every pair. The output is a score classifying between
overlap and non-overlap, which is comparable across micro-
phone pairs. For a given frame the average score was taken.

Spatial information is modeled in the HMM with a sepa-
rate Gaussian mixture which shares means and variances across
states. The output probabilities are weighted in the ratio 0.75
and 0.25, for spectral and spatial feature stream, respectively.
The weights were set empirically. A schematic architecture of
our overlap detection system with a link to speaker diarization
is shown in Fig. 1.

5. Speaker diarization system

Our speaker diarization system follows the commonly used ag-
glomerative clustering approach. In the beginning, speech is
broken into rather short uniform segments and the successive
clustering stage groups acoustically similar segments and as-
signs them to speaker clusters. The number of initial clus-
ters is determined automatically from audio length with mini-
mal and maximal value constraints. Clusters are modeled with
GMMs and cluster pair merging in each iteration is driven by
Bayesian information criterion (BIC). The system operates with
20 MFCCs extracted from 30 ms frames. The system is de-
scribed in detail in [12]. The performance of diarization is eval-
uated by means of diarization error rate (DER), which is the
sum of missed speaker time, false alarms and speaker error.

The overlap extension to diarization system comprises the
exclusion and labeling of simultaneous speech. The first tech-
nique means to discard overlap frames from cluster initializa-
tion and GMM training with the intention of obtaining more
precise models. In the latter technique, Viterbi decoding selects
for these segments besides the most likely cluster also the sec-
ond most likely. In this way the missed speaker time will be
decreased. In order to evaluate just the impact of overlapped
speech on speaker segmentation, detected overlaps are masked
with reference speech/non-speech segments before given to di-
arization. The diarization system is using reference speech seg-
ments as well.

6. Experiments
6.1. Corpus

Experiments were conducted on AMI corpus, which consists of
100 hours of meeting recordings, on far-field microphone array
channels sampled at 16 kHz. We defined single- and multi-site
scenarios. The first included recordings only from Idiap site and
the latter also from Edinburgh and TNO site. Data was divided
into training set (22 for both single- and multi-site scenario),
development set (3 and 9) and evaluation set (11 and 10). The
average amount of overlapped speech in these scenarios was
14.40% and 15.10%, respectively. Training of the overlap de-
tection system and evaluation is performed with force-aligned
annotations obtained by SRI’s DECIPHER recognizer.
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6.2. Overlap detection results

Overlap detection experiments have been done for three setups,
for spectral system, for fusion of spectral feature with PCA-
transformed spatial features (Spct+XC-PCA) and for spectral
features with spatial ANN score (Spct+XC-ANN). Performance
is measured with Recall—true detected overlaps, Precision—
ratio between true overlaps and all detected overlaps, and with
Error—the sum of missed and false overlaps. Results depend
very much on the value of the overlap insertion penalty, which
controls the amount of overlaps the system will detect. It can
be perceived as a compensation for an undertrained model. Ini-
tially, four values of OIP were defined based on different de-
tection characteristics on development data, accounting for hy-
potheses with highest recall, F-ratio, lowest error and acceptable
high precision.

The detection performance on single-site recordings is
given in Fig. 2a. In the lower penalty region both spatial setups
outperform the spectral in error, recall and precision, whereas
for higher penalization the differences are becoming smaller.
The spatial PCA setup achieves the lowest error 73% corre-
sponding to precision 80% and recall 35%. Results of the more
difficult multi-site scenario are shown in Fig. 2b. Obviously, the
overall performance is significantly worse than before. Spatial
PCA setup seems again to be the best for low penalties, most
clearly in terms of error. But with increasing penalization the
errors are almost alike and in precision the places are switched
with spectral and spatial ANN setup, which also achieves the
best result with 83% error, 76% precision and 25% recall.

6.3. Speaker diarization results

The complement of the overlap detection error tells us how
much the diarization can possibly gain by labeling detected
overlap segments, since all of the false overlaps will be prop-
agated to DER, but only a perfect labeling would transform all
true overlaps into reduction of missed speaker time. High preci-
sion is also important. A relationship between overlap exclusion
performance and some of the detection metrics is not clear. In
general, it can be presumed that a high recall hypothesis will
be working better. Following these guidelines, we selected for
each setup two or three detection hypotheses for exclusion and
for labeling and then selected the best performing to do both.

The DER values and relative improvements for single-site
data are given in Table 1. All setups are yielding improvements
over the baseline diarization, with the best relative improvement
by spatial PCA setup of 11.6%. This corresponds with the re-
sults of overlap detection in Fig. 2a, where spatial PCA was the
overall best performing setup. Somehow surprising is that spa-
tial ANN could not turn good improvements by exclusion and
labeling separately also to higher combined performance.

The relative diarization improvements observed on multi-
site data are even better than in the previous case, the results
are presented in Table 2. In this scenario, the spatial PCA setup
does not confirm its best performance from before, falling even
slightly behind spectral setup. Presumably, the PCA transfor-
mation does not unify spatial information from various sites as
good as the ANN, which achieves the best performance with
improvement of up to 14.6%. In all evaluation, none of the best
performing hypotheses for labeling performed also the best for
exclusion and vice versa. This proves our initial assumption
that diarization improvement will be better with two different
overlap hypotheses.
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Figure 2: Overlap detection performance for (a) single- and (b) multi-site data using spectral features only (Spct), spectral with
PCA-fused (Spct+XC-PCA) and ANN-score-fused spatial features (Spct+XC-ANN). Error—solid, Prec.—dotted, Recall—dashed line.

Table 1: Speaker diarization with overlapped speech on single-
site data, DER and rel. improvement over the baseline (in %)

Baseline 383

Overlap det.: +Exclusion +Labeling  +Both
Spet 36.8/+3.9 36.4/+49  35.6/+6.9
Spct+XC-PCA  36.3/+5.2 36.2/+5.5  33.8/+11.6
Spct+XC-ANN  37.1/+3.1 36.3/+5.1  36.1/+5.7

Table 2: Speaker diarization with overlapped speech on single-
site data, DER and rel. improvement over the baseline (in %)

Baseline 37.3

Overlap det.: +Exclusion  +Labeling  +Both
Spet 34.5/+7.5 36.6/+2.1  33.5/+10.2
Spct+XC-PCA  34.7/+6.9 36.71+1.7  33.8/+9.5
Spct+XC-ANN  32.8/+12.1  36.5/+2.3  31.9/+14.6

7. Conclusions

We have proposed three new cross-correlation-based spatial
features for the detection of overlapped speech. Spatial and
spectral information were fused applying either PCA or an
ANN, and promising results were achieved in comparison with
spectral baseline system. Speaker diarization was especially im-
proved by handling overlap segments detected by spatial PCA
setup on single-site and by spatial ANN setup on multi-site data.
Furthermore, our suggestion to use independent detection hy-
potheses for overlap exclusion and labeling has been successful.
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