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Abstract

Voice Activity Detection (VAD) and Overlapped Speech De-
tection (OSD) are key steps in various audio/speech process-
ing tasks. Recent advances in VAD or OSD are moving toward
using Temporal Convolutional Networks (TCNs) with frame-
independent cross-entropy loss, which may be unable to cope
with transient errors or boundary errors (caused by weak record-
ings at speech boundaries). In this paper, we formulate two
novel losses, namely smoothed loss and weighted loss, in which
the former copes with transient errors while the latter deals with
boundary errors. In addition, we adopt Mel Frequency Cep-
stral Coefficients (MFCCs) and Instantaneous Correlation Co-
efficients (ICCs) as the acoustic and spatial features to drive the
model. To improve computing efficiency, we also propose a
spatial feature extraction module by selecting those frequencies
with information-rich ICCs, which delivers good lightweight
nature. Numerical experiments validate the efficacy of the pro-
posed method.

Index Terms: voice activity detection, overlapped speech de-
tection, temporal convolutional network, loss function.

1. Introduction

Voice Activity Detection (VAD) [1, 2] and Overlapped Speech
Detection (OSD) [3, 4] are crucial steps in various audio/speech
processing tasks, including speaker diarization [5, 6, 7], auto-
matic speech recognition [8, 9] and speaker recognition [10,
11], to name a few. VAD aims to distinguish speech and non-
speech segments in audio streams while OSD aims to identify
segments containing at least two simultaneously active speak-
ers.

Early studies on VAD were based on simple detection rules
by leveraging acoustic features like energy feature [12], zero-
crossing rate [13] and linear predictive coding [14]. Acoustic
features were also used to train statistical models [15, 16, 17].
With the development of deep learning, Convolutional Neural
Networks (CNN) [18, 19, 20] was used in VAD, which im-
proved the performance significantly. Similarly, most recent
OSD approaches were also based on deep neural networks.
Geiger et al. [21] applied the LSTM neural networks to OSD,
and some other works were developed based on CNNs [22, 23].
Due to the strong correlation between VAD and OSD, recent
advances are moving toward implementing them together via
Temporal Convolutional Networks (TCNs) [24, 25].

Most existing VAD and OSD researches were developed in
a close-talk scenario, where the speech signals are captured by
microphones near the speakers. However, in some cases (e.g.
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Figure 1: Two typical difficult-to-handle errors in VAD or OSD
tasks, where REF and PRE represent the sequence of binary
labels and the sequence of predictions, respectively.

the meeting context), the speech signals are often recorded with
a distant microphone (or microphone array). In [24], Cornell
et al. first proposed a TCN-based architecture optimized with
cross-entropy loss for distant VAD+OSD, which uses acoustic
features (e.g. Mel Frequency Cepstral Coefficients (MFCCs))
as model input. This work was extended in [25] by extract-
ing interaural phase differences (IPDs) and cosine-sine inter-
channel phase differences (CSIPDs) spatial features from multi-
microphone signals. Mariotte et al. also [26] proposed a set of
spatial features based on direction-of-arrival estimates in the cir-
cular harmonic domain (CH-DOA) and showed that these spa-
tial features were effective for VAD and OSD tasks. The above
methods usually focused on the design of spatial features and
adopted the same TCN-based architecture optimized with the
cross-entropy loss function. However, as the cross-entropy loss
is constructed in a frame-independent manner, which may hin-
der the model to handle frame-related errors. By implement-
ing these models, we confirmed that the cross-entropy loss was
prone to transient errors caused by data disturbances in Figure
1 (a) or boundary errors caused by weak recordings at speech
boundaries in Figure 1 (b).

To mitigate these issues, we formulate two losses, named as
smoothed loss and weighted loss, to jointly optimize the TCN
model in this work. The smoothed loss penalizes transient er-
rors by monitoring the probability changes between consecutive
frames, outputting smooth TCN predictions. The weighted loss
allows the TCN to focus more on speech-noise boundaries to
reduce the boundary errors. Besides, we propose a lightweight
spatial feature based on the Instantaneous Correlation Coef-
ficient with Frequency Selection (ICCFS), by selecting those
informative frequencies that contain the spatial cue of sound
sources. In order to further reduce the computational load, in-
spired by [25], we adopt only a few pairs of microphones in-
stead of all possible pairs. The effectiveness of the proposed
loss functions and spatial features are demonstrated on AMI
meeting corpus [27].
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2. Problem Formulation

VAD and OSD can be formulated together as a three-
category classification task: non-speech (nspx = 0), sin-
gle speech (nspr = 1), and overlapped speech (ngpr > 2)
with ngp, being the number of active speakers. Let X =
[X1, .oy Xty oo, X7] € REXT be a sequence of characteris-
tic vectors, where ¢ is the time frame index, 7" and E are
the numbers of frames and features, respectively. In addi-
tion, the associated sequence of one-hot labels is defined as
Y = [yi,..,¥t,., yr] € R**T. Then, the VAD+OSD
can be implemented by finding a mapping f(X) to output the
prediction sequence ¥ = [§1, ..., 9+, ..., y7] € R**T, where
Vit = [p(nspe = 0[x¢), p(nspr = 1[x¢), p(nspr > 2‘Xt)}T de-
notes the probabilities of each class in the ¢-th frame. Based on
above, the final outputs of VAD and OSD tasks at frame ¢ can
be formulated by

_ 17 p(nspk > ]~|Xt) > €

VAD = {O, otherwise, M
_ 1 p(nepr > 2/x) > €

OSD = {O, otherwise, @

where € is the threshold, which is often set to 0.5 empirically.

3. Proposed Method
3.1. Architecture

We adopt the network architecture depicted in Figure 2. The
feature matrix X is obtained by concatenating the spatial feature
S and the acoustic feature A, which is fed to the TCN [24] to
obtain Y. This architecture is similar to recent work [26], but
the difference lies in spatial feature extraction and loss function.

Multichannel STFT
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Figure 2: Overall architecture of VAD+OSD. B represents the
concatenation operation.

Let Z,, € C'*T be the STFT spectrogram of the m-
th microphone, where F' represents the number of frequency
bins. In [26], the acoustic feature A € RPa*T is obtained
by extracting the E, x 1T" dimensional MFCCs feature from
Z1, and the spatial feature S € R¥<*T is determined by ex-
tracting the s x T dimensional CH-DOA feature from Z =
concat (Z1,Zo, ..., Zyr) € CM*F*T yith concat(-) denot-
ing the concatenation operator. Besides, the TCN is optimized
by minimizing cross-entropy loss L.. [24, 25, 26]

1 T 3
7 DD yralog(dr,0),

t=1 i=1

ﬁce = (3)
where y; ; and g, ; are the i-th elements of y; and ¥, respec-
tively.

As (3) is constructed in a frame-independent manner, it may
restrict the model to handle transient noise and weak speech
boundaries as illustrated in Figure 1. Moreover, the spatial fea-
tures are not lightweight. To address these issues, we formulate
two novel loss functions and design a lightweight spatial feature
extraction module in the next section.
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3.2. Loss Function
3.2.1. Smoothed Loss

The transition of speech states (non-, single, and overlapped
speech) is often gradual and does not occur frequently within a
short time interval. In practice, however, the model may gener-
ate incoherent predictions due to interference factors (e.g. data
instability or noise), leading to transient errors in Figure 1 (a).
To alleviate the adverse effect of transient errors, we im-
prove the continuity of predictions by introducing a smoothed
loss function L. Specifically, it penalizes fluctuations in pre-
dicted state probabilities among consecutive frames [28], with
larger fluctuations leading to higher penalties, which can be for-

mulated as 1
_ 2
Lo=m5D.0 % “)
t [
5, — J 108 Jei —log Gi—v,il, [log Ges —log Ge—1.s| <7
o T , otherwise,
(5)

where C' = 3 is the number of classes and 7 is the threshold to
truncate the smoothed loss, preventing excessive penalization
when consecutive frames are confidently predicted to belong to
different states.

3.2.2. Weighted Loss

In general, speech signals are weak at the beginning or end of a
speaker’s utterance, which makes speech indistinguishable from
noise. As a consequence, boundary errors are encountered in
model predictions, as shown in Figure 1 (b). To mitigate this,
we design a cross-entropy loss with frame-level weights, where
the introduced weights increase near the speech and non-speech
boundaries, thus encouraging the model to enhance accuracy at
these boundaries.

Lety = [J1,---,Tty...,97] € RT denote a sequence
of binary class labels corresponding to (1), where g € {0,1}
with g = 1 indicating that frame ¢ contains speech and vice
versa. Note that §; can be obtained by summing the last two
class labels in §;. Given g, we define the left label sequence
y! and the right label sequence ¥ as follows

(6

Vi = [Ge1s Get2s ooos Getp]s @)
where i is the context length. Then, the frame-level weight w;
is introduced for time ¢, which can be computed as

Vi = [Gempp Gmpt1 oor G—1),

wy = a-log (s +1) + 1, 8)
I

st= (Jtn © Ui, ©)
n=1

where « is the scaling factor, & is the XOR operation, gji’n and
it represent the n-th elements of S/i and y;, respectively, and
s¢ represents the degree of deviation between gin and g ,, at
time t. In (8), w: takes a larger value if frame ¢ lies at the
speech-noise boundaries. This is because the closer the ¢-th
frame is to the speech-noise boundary, the larger the returned
value of gi,n ® ¥t,n- As a special case, gﬁyn @ ¥t returns the
largest value if frame ¢ is exactly the speech-noise boundary.
Finally, the weighted loss L, is defined by

C

T
Lo = —% Z Zwt “ye,ilog(Je,:),
t=1

i=1

(10)



through which the boundary errors can be suppressed effi-
ciently.

3.2.3. Total Loss
Based on above, we construct a total loss function Ls,,, which
combines the smoothed loss (4) and the weighted loss (10), i.e.

Lsw = Lw + ALs, (11)

where A > 0 is a model hyper-parameter for determining the
weight of L.

3.3. Spatial Feature

The instantaneous correlation coefficient (ICC) is an important
spatial feature that includes the position information of sound
sources. To be specific, ICC; ;(f, ) of the channels 4 and j is
given by
ICCi; (f,1) = Zilf,1) - Z (£:0), (12)
where f is frequency index, the superscript * is the complex-
conjugate operator, and Z;(f,t) is the (f,t)-th element of Z;.
The ICC; ;(t) feature vector at time ¢ is defined as
ICC; () = [ICC;i ;(1,t),...,ICC; ;(F,1)].  (13)
Obviously, the computational complexity of ICC feature de-
pends on the value of F', and a larger F' can result in a large
amount of computations, especially for a large-scale micro-
phone array. Therefore, we select only k (k < F') based on

{Firosdi} = arg max®™(Z:(1,0)),

where | - | denotes the modulus operation, thus (14) selects the
frequencies with k largest amplitudes in Z1 (f, t), and fk repre-
sents the index of selected frequencies. As the amplitudes of all
microphone signals are same in a far-field scenario, we utilize
only the first channel in (14). Besides, the frequency with lower
amplitudes may not include speech information, which in turn
brings adverse impact on VAD or OSD tasks (as we shall see
in 4.3). For this reason, we establish (14) based on frequency
amplitudes.

Instantaneous correlation coefficient with frequency selec-
tion ICCF'S; ;(t) for channels ¢ and j can be constructed as

(14)

ICCFS; ;(t) = [ICC; ;(f1,1),...,ICCs ; (fr,t)]. (15)
To further reduce the computational complexity, inspired by
[25], we adopt only a few pairs of microphones by select-
ing appropriate ¢ and j. Finally, the complex-valued vector
ICCFS; ;(t) is converted to real-valued ones by concatenat-
ing real and imaginary parts to form the spatial feature.

4. Experiments
4.1. Dataset

Experiments were conducted on the AMI meeting corpus [27],
which contains 100 hours of realistic meeting recordings. As
audio signals were captured using different devices, we adopted
the AMI Arrayl data that was captured by an 8-microphone
circular array placed in the center of the table. Training, De-
velopment (Dev), and Evaluation (Eval) partitions followed the
protocol proposed in [29]. During the training phase, ground
truth was used via Forced-Alignment (FA) [24]. The results on
the Dev and Eval sets were evaluated using the official annota-
tion. Speech signals were sampled at 16kHz.
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4.2. Experimental setup

Acoustic features were extracted from the signal captured by
the first channel of Arrayl. We used MFCCs as the acoustic
feature with £, = 80, extracted from frames with length 25
ms and with 60% overlap. For spatial features, we chose only
4 pairs of opposing microphones from Arrayl instead of using
all the 28 possible pairs. Additionally, to further save computa-
tional resources, we selected only & = 5 frequencies, resulting
in a frame-level feature dimension of F; = 5 X 2 X 4 = 40.

TCN consists of 1D convolutional layers with exponentially
increasing dilation rates to capture long-range temporal depen-
dencies efficiently [24]. We utilized the TCN structure that con-
sists of R = 3 residual convolutional blocks replicated P = 3
times. A 1-dimensional convolutional layer followed by a soft-
max activation function was added after the TCN to generate
the final classification probabilities.

The TCN was trained using 5 seconds of audio segments
randomly sampled from the training set. We used ADAM [30]
with a mini-bacth size of 32. The weight decay was 0.0001
and the momentum was 0.9. The base learning rate was 0.001
and we divided it by 10 every 10 epochs. All experiments were
executed on an NVIDIA L40S GPU. In the following, we used
average precision (AP) and F1 score to evaluate VAD and OSD,
and reported the results on Dev and Eval sets.

4.3. Comparison of different spatial features

Table 1 presents the comparison results of different spatial fea-
tures. For the sake of fairness, these spatial features are com-
bined with the same acoustic feature, i.e., MFCCs, when using
the architecture in Figure 2. The TCN is optimized by mini-
mizing the original cross-entropy loss (3) in [25, 26]. We can
find that the proposed spatial feature ICCFS achieves the best
F1 score on VAD. For OSD, the F1 score of ICCFS is slightly
lower than IPD on the Dev set, but ICCFS is more lightweight.
This advantage is due to the fact that effective frequencies are
selected by our strategy in (14). It can exclude the frequency
with lower amplitudes, which may hinder the model to output
accurate VAD and OSD predictions. In subsection 4.5.3, we
further discuss the impact of selecting different numbers of fre-
quencies on VAD and OSD performance.

Table 1: FI score (%) performance of different spatial fea-
tures. Param.(M) is the number of model’s parameters. Bold
values indicate the best-performing results. 1 denotes re-
implementation under our experimental setup.

. VAD OSD
Spatial Feature Param.(M) Dev  Eval Dev  Eval
IPD' 0.217 9437 9485 71.83 66.64
CSIPDY 0.270 94.60 94.94 7039 66.49
CH-DOA T 0.190 94.63 95.04 70.72 66.36
ICCFS (Ours) 0.167 94.73 95.09 71.64 67.06

4.4. Comparison of TCN-based methods with different loss
functions

To study the effectiveness of the proposed L, in (11), we re-
placed the original cross-entropy loss L. in recent distant VAD
and OSD methods [25, 26] with the proposed Ls,,. Detailed
results were presented in Table 2. It is evident that the AP per-
formance of both VAD and OSD tasks significantly improves
across all methods by replacing L. with Ls,,. TCN-IPD [25]
shows the most significant improvements, with a 5.53% in-



crease on the Dev set and a 5.64% increase on the Eval set for
the OSD task. Moreover, on the VAD task, our method with
L achieves comparable performance to other methods with
Lsw. On the OSD task, our method achieves the best perfor-
mance on the Eval set (71.39%) but performs slightly worse
than TCN-CSIPD on the Dev set. However, as discussed in 4.3,
our model has only 0.167 M parameters, which is significantly
fewer than the parameters of 0.27 M in TCN-CSIPD.

Table 2: AP (%) performance of different methods by using the
proposed loss L., and the cross-entropy loss L.ce.

Method Loss DevV ADEval DeVOSDEval
| TONIPDLSI 1 ochs ggas 7847 T0m2
TONCSIDISI 1 gc0 gag 7581 0t
TON-CHDOAZI' 1 o535 o525 7580 7081
TCN-CCFS (Ours) 1% o203 0052 Je%s 7130

4.5. Impact of the hyper-parameters

The proposed loss function and ICCFS features are controlled
by some hyper-parameters. Here, we conducted ablation experi-
ments on the Eval set to explore the impact of hyper-parameters.

4.5.1. Impact of  and p

The proposed weighted loss £, in (10) is controlled by two
hyper-parameters, i.e., the scaling factor o and the context
length p. Their influence on VAD and OSD is tested in this ex-
periment. From Table 3 we can see that VAD accuracy increases
with increasing y, and £, outperforms cross-entropy £.. when
1=20 or u=40. However, OSD performance decreases slightly
as p increases. This may due to the fact that £, only considers
the boundary between speech and non-speech, while neglecting
the boundary between single speech and overlapping speech.
Then we tested the impact of « after setting 1 = 20 to achieve
a trade-off between VAD and OSD performance. As shown in
Table 3, the smaller the value of «, the better the performance of
both VAD and OSD tasks. The main reason is that the boundary
frames are overemphasized when « is too high, neglecting the
importance of other frames. Based on the above analysis, we
set =20 and a=0.1 in the following experiments.

Table 3: Impact of p and o on AP performance.

Loss VAD OSD
Lece 97.62 70.20

T T Ly (u=10,0=01) 9677 ~ T € 69.78
Ly (u=20, a=0.1) 97.66 69.50
Ly (u=40, a=0.1) 98.04 68.72

T T Lw (=01, u=20) 97.66 ¢ 69.50
Ly (a=0.3, n=20) 97.32 69.36
Ly (@=0.5, u=20) 97.04 68.98

4.5.2. Impact of X and T

The hyper-parameter A controls the weight of the smoothed loss
L in the total loss £, while the hyper-parameter 7 determines
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the threshold in £;. As given in Table 4, using both £,, and L
can achieve better VAD and OSD performance than using only
L., under all different settings of A or 7. This illustrates the
effectiveness of L. In addition, the best performance of both
VAD and OSD tasks is obtained when A = 0.25 and 7 = 4.
A larger A (7) or a smaller A (7) causes partial performance
degradation. This may due to the fact that a smaller A (7) may
not sufficiently penalize transient errors, while a larger A (1)
overemphasizes continuity, neglecting the accurate identifica-
tion of actual speech boundaries.

Table 4: Impact of A and T on AP performance.

Loss VAD OSD
Lo 97.66 69.50

T L+l (0=0.05,7=4) ~ ~ ~ 9814 =~~~ 7115
Lw+Ls (A=0.25, 7=4) 98.25 71.39
Lyw+Ls (A=0.65, 7=4) 98.06 71.14

T TLu+L, (7=2,0=025) ~ T T 9823 ~ T 71.05
Lyw+Ls (1=4, A=0.25) 98.25 71.39
Ly+Ls (7=6, A=0.25) 98.21 70.93

4.5.3. Impact of k

To investigate the impact of £ selected frequencies of the spatial
feature ICCFS on the performance of VAD and OSD tasks, we
conducted experiments with different values of k. As shown in
Figure 3, we can observe that the quantity of parameters rises
significantly as k increases, while VAD or OSD performance is
nearly unchanged (or even decreased) with increasing k. Par-
ticularly, OSD performance declines noticeably when k = 150,
which indicates that the frequencies with lower amplitudes may
not provide positive effects on VAD and OSD tasks. This ex-
periment further validates the necessity of frequency selection
in spatial feature extraction.

0.28

g

X

R

< g
c 4 0.2

s 0.24 g
(2]

2 T
(]

2 5
o 3
Q 4020 *
(@)] —_
Y 0.19 =
o . = VAD =
= oae, —e—0sD

<C /0,174 —O— Param.

0.16

5 20 50 100 150 200

Number k of frequencies

Figure 3: Effect of the number of frequencies on VAD and OSD
tasks.

5. Conclusion

In this work, we formulated a weighted loss and a smoothed
loss for optimizing TCN on VAD and OSD tasks. The former
focuses on boundary error correction while the latter focuses
on transient error correction. The proposed loss can further im-
prove the performance of recent TCN-based methods. More-
over, we constructed a lightweight spatial feature module based
on the Instantaneous Correlation Coefficient with Frequency
Selection (ICCFS). Experiments confirmed the effectiveness of
the proposed loss as well as the ICCFS features.
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