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Abstract
A new approach to overlapped speech detection (OSD) is in-
troduced in this work. It is designed for real-time processing
of streamed data and utilizes x-vectors as its input features. It
thus allows us to reduce computational demands within the en-
tire streaming data processing chain, where the same x-vectors
can also be used for the related task of speaker diarization.
Within our method, the x-vectors are extracted using a feed-
forward sequential memory network (FSMN) and then fed into
a simple neural classifier (speech or cross-talk), whose output
is smoothed by a decoder based on weighted finite-state trans-
ducers (WFSTs). The evaluation is done on a Czech/Slovak
broadcast dataset (we make this data public) and on the AMI
meeting corpus. Our online method yields a solid performance
while operating with a 2-second latency.
Index Terms: overlapped speech detection, x-vectors, stream
data processing, deep neural networks

1. Introduction
In natural human conversation, moments occur when two or
more people speak at the same time. These overlapped speech
segments are often referred to as cross-talks, and are commonly
encountered in, e.g., interviews, talk shows, debates, as well as
in broadcast news. Cross-talks can have various forms, includ-
ing interruptions, back-channel responses (“yes”), or premature
turn-taking [1]. They can also be formed by numerous speaker
sounds, such as hesitation, laughter, or coughing.

All these types of cross-talk are known to deteriorate the
performance of various speech processing tasks, e.g., speech
recognition [2] or speaker diarization [3]. The best approach to
this problem is to detect overlapped speech and then omit the
corresponding audio segments in subsequent processing steps.

In this work, we extend our previous investigations on the
use of x-vectors [4] for speech activity (and overlapped speech)
detection [5] by presenting a complete online overlapped speech
detection scheme, which is suitable for frame-wise data pro-
cessing. That means that our scheme takes in a sequence
(stream) of speech frames on its input and provides a stream of
labels identifying the presence of overlapped speech instances
in every frame on its output. Our target system is a platform
for 24/7 monitoring of various TV/R streams, namely in Slavic
languages (see our multilingual radio monitoring application1).

The utilization of x-vectors for this task stems from the fact
that these features are employed in subsequent blocks of the
speech processing pipeline – in particular for speaker diariza-
tion. The use of the same features within both of these interre-
lated tasks thus allows us to reduce the computational demands
and the complexity of the system, which is a crucial factor for
processing of streamed data.

1https://tul-speechlab.gitlab.io/

Experimental results obtained on real-world streams of
broadcast data show that our approach is capable of detecting
overlapped speech with a frame F-measure of 64.9% while op-
erating with a latency of around 2 seconds. Our additional con-
tribution to the speech research community is that we make pub-
lic2 the set of recordings with hand-annotated segments of over-
lapped speech that we used for evaluation.

2. Related works
In most cases, overlapped speech detection is carried out in
two consecutive steps; namely, feature extraction is followed
by classification. In the first step, the most commonly uti-
lized features are the standard Mel-frequency cepstral coeffi-
cients (MFCCs) [6, 7] and log filter bank coefficients (FBCs) [8,
9]. However, various acoustic features, such as spectral flat-
ness [10], linear predictive coding residual energy [11], kur-
tosis [12], convolutive sparse coding [13], or pyknogram [14],
have been used with varying success. A popular option remains
to hand-craft various combinations of the aforementioned fea-
tures to further improve the performance [15, 16].

For the second step, hidden Markov models and Gaussian
mixture models [10, 17] were widely employed in the early
years. With the advances in deep learning, deep neural net-
works (DNNs) have been heavily applied to OSD as well. This
approach has naturally led to notable improvements in perfor-
mance. Various neural network architectures, such as fully con-
nected (FC) feed-forward DNNs [5, 7] or convolutional neural
networks (CNNs) [16, 18], have been studied. The modeling
power of recurrent neural networks (RNNs) was explored in
the form of long short-term memory (LSTM) RNNs in [15].
In [8], a comparison of FC feed-forward DNNs, CNNs, uni-
directional and bidirectional LSTM RNNs was shown. More-
over, bidirectional LSTM RNNs implemented in pyannote [19]
delivered excellent performance [20] on the AMI meeting cor-
pus [21]. More complex architectures, e.g., temporal CNNs [9],
block-based CNNs [22], time-convolving NNs [23], or the
architecture of Deep Speech 2 [24], have been exploited as
well. Recently, a convolutional RNN [25] produced state-of-
the-art results using a three-class classifier (speech, overlapped
speech, non-speech) on DIHARD II [26] evaluation. Finally,
approaches based on end-to-end neural speaker diarization [27]
started to deal with overlapped speech during diarization [28].
Specifically, state-of-the-art results were achieved on DIHARD
III [29] evaluation and AMI corpus in [30].

Improvements in the performance of OSD can also be
achieved by smoothing the outputs of a given classifier. For
this purpose, several techniques, such as moving average [7],
Hamming window [31] or Viterbi decoding [8], have been suc-
cessfully deployed.

2https://owncloud.cesnet.cz/index.php/s/toPSfajLobR1usV
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3. Proposed approach
The proposed approach to overlapped speech detection can be
divided into three consecutive steps:

1. Extraction of x-vectors.

2. Classification of x-vectors.

3. Output smoothing.

3.1. Extraction of x-vectors

In the first step, the x-vectors are extracted using a DNN; in
this case, a vectorized version of FSMN [32] is used. Similar
to RNNs, this neural architecture is suitable for modeling long-
time dependencies in the input signal. However, it eliminates
the recursion by adding several memory blocks with trainable
weight coefficients into each layer of a classic FC feed-forward
DNN. These memory blocks use a tapped-delay line structure
to encode the long context information into a fixed-size repre-
sentation. That means that the FSMN layers are built on top
of the context of the previous layers making the final context a
sum of the partial ones.

Table 1 describes the structure of the utilized FSMN. The
symbol ℓ marks the current frame, on which the temporal con-
text is centered. On the input, each frame of the signal is rep-
resented by 40-dimensional FBCs computed from 25-ms-long
frames with frame shifts of 12.5 ms each. Within the context
of the first layer (i.e., 161 frames), cepstral mean subtraction
is applied. In the pooling layer, only the means of the frames
(without the variances) are computed in the context of 41 con-
secutive frames. As the activation function, exponential linear
unit (ELU) is used in all neurons. In the final layer, the number
of output neurons corresponds to the number of unique speakers
(7,238) in the training data. Finally, a multiclass cross-entropy
objective function is used during the training.

Table 1: The structure of the FSMN-based x-vector extractor.

layer layer total input
context context x output

FSMN 1 ℓ± 80 161 40× 1024
FSMN 2 ℓ± 4 169 1024× 768
FSMN 3 ℓ± 4 177 768× 512
FSMN 4 ℓ± 4 185 512× 384
FSMN 5 ℓ± 4 193 384× 256
FSMN 6 ℓ± 4 201 256× 128

FC 1 ℓ 201 128× 128
Pooling ℓ± 20 241 (41 · 128)× 128

FC 2 ℓ 241 128× 128
Softmax − 241 128× 7, 238 speakers

After the extractor is trained, the x-vectors are computed
after the pooling layer (i.e., the dimension of the final x-vectors
is 128) with shifts of one frame. The resulting sequence then
forms the input to the classifier in the second step. Note that the
extractor operates with a total context of 241 frames as shown
in Table 1, which corresponds to 3.0125 seconds.

3.2. Classification of x-vectors

The extracted x-vectors are fed to a binary DNN-based classi-
fier, generating probabilities for the respective speech and over-
lapped speech classes in the second step. This simple classifier
consists of two FC feed-forward hidden layers with 128 and

64 neurons, respectively, and the ELU activation function is
used in each neuron. The network is trained within 50 epochs
with a learning rate set to 0.08 and using mini-batches of size
1,024. Note that no additional input context is provided during
the training.

3.3. Output smoothing

In the last step, the outputs from the classifier are smoothed us-
ing an online decoder based on WFSTs. The main advantage
of this approach is that it represents a general smoothing con-
cept, which allows us to model various smoothing approaches
by merely choosing the corresponding transduction model and
the respective semi-ring.

The decoding scheme consists of two transducers depicted
in Figure 1. The upper transducer models the input signal. The
other one is the transduction model and represents the smooth-
ing algorithm. It consists of three states, where the first state,
denoted as 0, is the initial state. The transitions between states
1 and 2 emit the speech (S), and overlapped speech (OS) labels,
respectively. These transitions are also weighted by penalty fac-
tors P1 and P2, whose values have been fined-tuned on the de-
velopment set.

1 ...frame 1 T+10 frame 0 frame T

1

S

2

OS/P1

S/P2

OS

0

S

OS

Figure 1: The transducers representing the input signal (upper)
and the transduction model (lower) used for OSD.

Given the two transducers described above, the decoding
process is performed using the on-the-fly composition of the
transduction and the input model of an unknown size. That
method is feasible since the input is considered to be a linear-
topology, unweighted, epsilon-free acceptor. After each compo-
sition step, the shortest path (considering the tropical semi-ring)
determined in the resulting model is compared with all other al-
ternative hypotheses. When a common path (i.e., with identical
output labels) is found among these hypotheses, the correspond-
ing concatenated output labels are marked as the resulting fixed
output. Since the rest of the best path is not known with cer-
tainty, it is denoted as a temporary output (i.e., it can be further
refined).

4. Data and metrics
4.1. Training data for x-vector extractor

The proposed x-vector extractor is trained using data from sev-
eral sources, including VoxCeleb2 [33], LibriSpeech (”train-
360-clean”) [34], and Czech microphone recordings. The train-
ing set of VoxCeleb2 provides 5,994 speakers, while the used
subset of the Librispeech adds 921 of them. Furthermore, the
Czech dataset includes an additional 922 speakers. Lastly, the
set of target speakers is extended by the noise class defined over
the training part of the CHiME-4 dataset [35]. In total, there are
7,238 unique speakers and 3,000 hours of speech recordings.
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4.2. Training data for x-vector classifier

The amount and availability of annotated datasets suitable for
training and evaluation of OSD, especially in a broadcast envi-
ronment, are severely limited. For this reason, we decided to
prepare an artificial training set. It is designed in a way similar
to that in [8] as described in detail in our previous work [5].

The basis is that of clean Czech recordings (containing a
single annotated speaker) from various TV/R broadcasts orig-
inally used for speech recognition. For each recording, two
new ones are created. The first is unchanged and represents
the speech class. The other one is summed together with a ran-
domly selected second recording of a different speaker. A ran-
dom shift is introduced at the beginning of the summed record-
ing, such that a minimum length of overlapped speech is one
second. Moreover, noise augmentation using the CHiME-4
dataset [35] is also done as specified in [5]. Finally, an addi-
tional 100 frames of non-speech are added to the beginnings
and the ends of the final recordings to provide more context for
the extracted x-vectors. In total, a 60-hour corpus of training
data has been created this way, out of which 10 hours are la-
beled as overlapped speech.

4.3. Development and test data

Due to the aforementioned limitations of available annotated
data for OSD, we have also prepared a new dataset for eval-
uation purposes. It is comprised of several Czech and Slovak
TV, radio, and internet shows. In total, we have gathered over
10 hours of data which we have divided into two subsets of
an equal size – development (dev) and test – and we annotated
the data by hand. We labeled four different acoustic events –
speech, non-speech (ns), overlapped speech (os), and “cross-
noise” (cn). The first three labels are self-explanatory, while
the latter class covers events when one of the speakers is talk-
ing, and the other is making noises (e.g., hesitation – “uh-huh”,
“ehm”; coughing or heavy breathing). During this evaluation,
cross-noise can be considered either as speech or overlapped
speech (in our case), depending on the application. Detailed
information about the datasets is listed in Table 2.

Table 2: An overview of the development and test datasets.

data count length os [min] cn [min] ns [min]

dev 16 5 h 6:41 1:34 5:51
test 13 5.2 h 12:29 1:26 3:08

To further stimulate the research of OSD, we have decided
to release the data with manual annotations to the general pub-
lic. For each segment of every recording, start and end times
are given together with the label of the corresponding acoustic
event. Each recording is thus provided with an XML reference
file, which can easily be viewed in NanoTrans [36].

4.4. Evaluation metrics

Within the experimental evaluation, standard metrics – frame
precision (P), frame recall (R), and frame F-measure (F) [22]
– are used to evaluate the quality of OSD on the frame level
without any forgiveness collar. The overall frame error rate
(FER) is also presented. Lastly, overlap detection error (ODE),
defined as a ratio between summed missed and false-positive
overlapped speech frames and the total number of overlapped
speech frames in reference [15], is also shown.

5. Experimental evaluation
5.1. The proposed approach

The baseline experiment follows exactly the proposed approach
as described in Sec. 3. The x-vector extractor was trained us-
ing the data detailed in Sec. 4.2, while the data highlighted in
Sec. 4.3 was used to train the DNN-based classifier. The penalty
weights of the WFST-based decoder were tuned on the develop-
ment set to equalize the frame precision and frame recall.

The results are in the first row of Table 3 (best-achieved val-
ues are in bold). They collectively show that the performance of
the proposed approach is solid. The FER of 1.9% signals that
the accuracy of OSD is relatively high, while the balanced F-
measure of 65% suggests only a small number of false negatives
and false positives are made. Furthermore, we have also exam-
ined the specific errors, and there are two main issues causing
problems. The first is implied by omitted short (<0.5 seconds)
back-channel responses, resulting in false negatives. The other
one follows from non-speech events (mostly loud laughter) dur-
ing the talk of the other speaker, producing false positives.

Table 3: Results [%] of the proposed approach on the dev set.

approach FER P R F ODE

baseline 1.9 64.9 65.2 65.0 70.1

3 classes 1.9 64.7 64.7 64.7 70.7

data × 0.5 2.0 63.2 63.7 63.4 73.5
data × 2 1.9 66.2 66.5 66.3 67.5
data × 3 1.8 67.0 67.6 67.3 65.8
data × 4 1.8 66.9 67.1 67.0 66.1
data × 5 1.9 66.0 66.0 66.0 67.9

5.2. Ternary classification

As suggested in [25], we have also tried to replace the binary
classifier with a ternary one by splitting the non-overlapped
speech class into two subclasses – speech and non-speech. This
allowed the original authors to improve their results on the DI-
HARD II challenge. We have also been able to do this since
the training and evaluation data are annotated for non-speech as
well. The rest of the experiment remains unchanged.

However, as summarized in the second row of Table 3, there
is no similar improvement on the broadcast development set.
The results, however, show similar, although slightly worse,
performance when compared with the binary classifier.

5.3. The effect of an increasing amount of training data

To cope with the issues outlined in Sec. 5.1, a significant ex-
tension to the 60-hour training dataset was made. Another 240
hours of data has been prepared in the same way as previously
(see Sec. 4.3). The experiment has been conducted with var-
ious amounts of data added (i.e., in total, 120, 180, 240, and
300 hours). Additionally, a smaller 30-hour set has also been
evaluated for comparison.

The results are grouped up in the bottom part of Table 3.
They show a clear trend that more training data is beneficial
up to 180 hours where the performance starts to plateau, even
slightly worsen, and the additional information is no longer
helpful. In summary, the F-measure has been improved by 2.3%
up to 67.3%, and the ODE has been reduced to 65.8%. Lastly,
the smallest dataset has led to a worse performance level.
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5.4. The effect of smoothing

To demonstrate the importance of the WFST-based smoothing,
we compare it with no smoothing and moving-average (MA)
smoothing with different window lengths. Specifically, three
window lengths are explored – 0.5, 1, and 1.5 seconds.

The results are presented in Table 4, where the first row
clearly manifests that smoothing is indeed necessary. With-
out it, all the monitored metrics are notably worsened, e.g., the
achieved FER has been degraded by more than three times. The
main issue, in this case, is implied by rapid and short changes
between the speech and overlapped speech classes. This is-
sue is resolved by applying a selected smoothing method, say,
the moving-average one (where the 1-second window has per-
formed the best), which offers improvements in almost all met-
rics. However, the WFST-based decoder is able to find an even
better solution and boosts all the main metrics (FER, F-measure,
and ODE) even further (see the rest of Table 4).

Table 4: Results [%] of the proposed approach using various
smoothing techniques on the development set.

smoothing FER P R F ODE

none 5.9 28.5 74.5 41.2 212.8
MA 0.5 s 2.6 52.3 72.9 60.9 93.7
MA 1 s 2.2 61.7 56.5 59.0 78.6

MA 1.5 s 2.2 65.1 42.9 51.7 80.1
WFST 1.8 67.0 67.6 67.3 65.8

5.5. Final performance

The final approach (i.e., trained on 180 hours of data) has also
been evaluated on the test set. This data has turned out to be
slightly more complex than the development one. This may be
caused by almost six more minutes of overlapped speech seg-
ments as presented in Table 2. The results are shown in Table 5.
Specifically, the proposed approach has scored an F-measure of
64.9% (without a forgiveness collar) and has achieved a FER of
3.1%, setting a new baseline for future research.

Table 5: Results [%] of the proposed approach on the test set.

approach FER P R F ODE

final 3.1 66.4 63.5 64.9 68.6

Moreover, the performance in the streamed processing en-
vironment has been evaluated. For this purpose, two metrics
are monitored – real-time factor (RTF)3, a ratio of processing
time to the duration of the input recording, and latency, an av-
erage time between a class change and the moment the decoder
outputs the corresponding label. The proposed approach oper-
ates with an RTF value of 0.1 and yields an average latency of 2
seconds, out of which 0.5 seconds is caused by the WFST-based
decoder, making it perfectly viable for use in stream processing.

6. Evaluation on AMI meeting corpus
To compare the proposed approach with other OSD techniques
available in the literature, the AMI meeting corpus [21] has been
selected. It is a multi-modal 100-hour long dataset consisting of

3measured by processor Intel Core i7-3770K @ 3.50GHz

meeting recordings, and it has been widely used for solving sev-
eral speech processing tasks, such as speaker diarization. Dur-
ing the evaluation, we have followed the newly standardized
AMI evaluation protocol, which was introduced in [37], and
only the Mix-Headset subset is used.

The proposed OSD approach is applied as described in
Sec. 3. First, the x-vectors for the training portion of the AMI
corpus are extracted and next used to train the simple binary
DNN classifier. After that, the classifier’s outputs for the test
data are smoothed by the WFST-based decoder (whose penalty
weights are fine-tuned on the development set), and final labels
are produced. Note that no additional training data or data aug-
mentation techniques are incorporated.

The results are shown in the first row of Table 6. While the
obtained precision is high, the achieved recall can be improved.
Note that FER and ODE are 7.9% and 60.6%, respectively.

Table 6: A comparison of OSD approaches on AMI corpus.

approach P [%] R [%] F [%]

proposed (2 classes) 85.5 47.4 61.0

Kunesova et al. [18, 30] 71.5 46.1 56.0
pyannote 1.1 (MFCC) [20] 91.9 48.4 63.4
pyannote 1.1 (wave) [20] 86.8 65.8 73.9

pyannote 2.0 [30] 80.7 70.5 75.3

The bottom part of Table 6 provides a comparison with sev-
eral approaches found in the literature. Here, our method is
outperformed, namely in values of recall by two configurations
of the pyannote toolkit (the last two rows of Table 6). The rea-
sons are two-fold. First, the pyannote toolkit is designed primar-
ily for overlap-aware speaker diarization, and it thus combines
several training datasets (from the meeting domain) and imple-
ments various data augmentation techniques to further boost the
results on each individual dataset. Second, it works in an off-
line mode and requires GPU for processing in real-time: the
used models can thus be more complex than in the case of our
method designed for streamed data processing using just a CPU.

7. Conclusions
In this paper, a new approach to frame-wise OSD has been
proposed. It is composed of three consecutive steps; at first,
an FSMN-based x-vector extractor produces speaker embed-
dings for artificially mixed training data. These embeddings are
then used to train a computationally undemanding binary DNN-
based classifier. Finally, the output of the classifier is smoothed
by a WFST-based decoder to produce the final segmentation.

The performance of the proposed approach has been evalu-
ated using standard metrics on the dataset of broadcast news,
whose annotations are released to the speech research com-
munity, and on the standardized AMI meeting corpus. The
achieved results show a solid performance (and provide a start-
ing baseline for future research), while the proposed approach
is computationally undemanding and operates online with low
latency and real-time factor.
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