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Abstract
In this paper, we describe an approach for representation learn-
ing of audio signals for the task of COVID-19 detection. The
raw audio samples are processed with a bank of 1-D convolu-
tional filters that are parameterized as cosine modulated Gaus-
sian functions. The choice of these kernels allows the interpre-
tation of the filterbanks as smooth band-pass filters. The filtered
outputs are pooled, log-compressed and used in a self-attention
based relevance weighting mechanism. The relevance weight-
ing emphasizes the key regions of the time-frequency decom-
position that are important for the downstream task. The sub-
sequent layers of the model consist of a recurrent architecture
and the models are trained for a COVID-19 detection task. In
our experiments on the Coswara data set, we show that the pro-
posed model achieves significant performance improvements
over the baseline system as well as other representation learn-
ing approaches. Further, the approach proposed is shown to be
uniformly applicable for speech and breathing signals and for
transfer learning from a larger data set.
Index Terms: Learnable filterbank, representation learning,
self-supervised learning, COVID-19 diagnosis

1. Introduction
The biomedical applications, like automatic diagnosis of dis-
eases using speech and audio, have a strong requirement to
explain away the basis the model is using to arrive at a spe-
cific decision about a sample [1–3]. The early approaches to
facilitate this need involved the design of knowledge-driven
features [4, 5]. A wide range of acoustic features that can re-
flect different voice disorders have been designed, such as jitter,
which indicates the instability in the fundamental frequency [6],
shimmer, which is a measure of deviations in amplitude [7],
harmonic-to-noise ratio, which is an indication of hoarseness
in voice [8], and maximum phonation time that indicates the
lung capacity [9]. However, these approaches require extensive
experiments to understand their impact on the downstream ap-
plication.

In the recent years, with advancements in the deep learn-
ing approaches, hand-crafted feature extraction algorithms have
been increasingly replaced by data-driven methods. This field
of study, called representation learning [10], is the one in which
a deep neural network learns representations from raw data
without any prior assumptions. Representation learning is a
well-explored field in computer vision [11] and natural lan-
guage processing [12], where the representation of the data is
learned by directly feeding pixels or one-hot encoded words to
the neural network, respectively. Recently, there has also been
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a great interest in learning general purpose representations for
speech and audio [13, 14]. However, the high temporal vari-
ability and the curse of dimensionality of the acoustic signals,
makes the representation learning challenging [15]. In this pa-
per, we explore representation learning for speech directly from
the raw-waveform using a modeling approach that consists of a
parametric filter learning module and a self-attention style rele-
vance weighting module. The representation learning approach
pursued in this work aims at developing robust front-ends for
the task of detecting COVID-19 from audio sounds of speech
and breathing nature.

In audio processing, the most common approach for rep-
resentation learning has been the direction of learning the
time-frequency decomposition from the raw audio. These ap-
proaches can be categorized as supervised and unsupervised
methods. Examples for supervised learning include phoneme
classification [16], acoustic modeling for speech recognition
[17], acoustic event classification using learnable audio front-
end (LEAF) [18], noisy speech recognition [19] and music
genre classification using deep scattering transform [20]. Using
parameterized sinc functions, Ravanelli and Bengio proposed a
SincNet architecture [21] in which the first layer of the convolu-
tional neural network (CNN) learns meaningful filters directly
from the raw audio signals.

For unsupervised learning of audio representations, the use
of restricted Boltzmann machines [22,23] and variational learn-
ing [24] have been explored. The wav2vec method proposed
in [25] explored self-supervised pre-training using an autore-
gressive loss function. Further, the generative adversarial net-
works [26] have been explored for acoustic/modulation filter
learning.

The approach of self-supervised learning from a number of
tasks has been explored by Pascual et al. [27]. In these applica-
tions, while representation learning has achieved performance
improvements for the downstream tasks considered, they have
been limited in terms of the interpretability. The key exception
is the SincNet filterbank [21] where the authors used parametric
sinc filters to improve interpretability.

In this work, we extend the previous work by Agrawal et
al. [28] on filterbank learning using cosine modulated Gaus-
sian filter-banks. We explore the learning of representations
on breathing and speech signals for the task of COVID-19 de-
tection. The raw audio samples are processed through a bank
of 1-D convolutional filters. A self-attention based sub-band
weighting approach, called relevance weighting, provides rich
representations of the audio signal for the downstream recurrent
neural network layers. While the architecture is similar to the
prior work [28], the key contributions from the proposed work
over the previous work in [28] are,
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Figure 1: Overall pipeline for filter learning. The input signal is
passed through a 1-D convolutional layer where we use Gaus-
sian set of filters. The relevance weighting module consists of a
fully connected layer followed by a sigmoid function. Two maps
are also shown as output of convolution operation and the cor-
responding learned mask. Blocks in green depict a learnable
function whereas the blue blocks depict fixed functions.

• A unified filter learning paradigm that provides meaningful
representations from both speech and breathing signals.

• Transfer learning of the filter representations from a large
scale data set of speech/breathing sounds to the final target
data set.

• Exploring supervised and self-supervised representation
learning objectives for acoustic filter learning.

• Experimental evidences on COVID-19 detection task to high-
light the advantages of the proposed representation learning
framework.

2. Acoustic Filterbank with Relevance
Weighting

The block schematic of the proposed front-end is shown in Fig-
ure 1. In the following subsections, we explain the main com-
ponents of the proposed method.

2.1. Acoustic Filterbank Layer

The acoustic filterbank layer receives raw audio samples which
are windowed into a sequence of s samples. The windowed
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Figure 2: (a) Mel spectrogram, (b) the learned spectrogram and
(c) relevance weighted spectrogram of a breathing sample.

samples are processed using a bank of 1-D convolutional fil-
ters which are parameterized as a cosine modulated Gaussian
function [28], where the kernels gi(n), corresponding to the ith
filter, are denoted as

gi(n) = cos 2πµin× exp (−n2µ2
i /2), (1)

where (i = 1, 2, . . . , F ) and µi is the centre frequency of the
i-th kernel. Here, F denotes the number of acoustic filters. The
Gaussian function, given in the above equation, represents a
low-pass filter while the cosine modulation makes the kernel
band-pass. The center frequencies µi are the only learnable pa-
rameters of the filter. The band-width of the filters is directly
proportional to the center frequency (inverse of the variance in
the time-domain kernel function in the above equation). This is
to enable the learning of constant-Q filters.

The given audio signal is first segmented into short-time
frames of s samples. Each frame is then convolved with the
F filters. Finally, the output of the filters are squared, average
pooled and log-transformed. This processing module generates
an F dimensional output for each frame. Further, splicing the
frame-level F dimensional representations from all T frames of
the given audio file, gives the learned time-frequency represen-
tation, I , of dimension F × T .

2.2. Relevance Weighting

The generated spectrogram of dimension F × T is passed to a
self-attention-based neural network consisting of two layers of
a feed forward network. For each time-frequency bin (t, f ), we
input a vector of 102 dimensions obtained for the i-th filterbank
representation with ±51 frame window on either side of the
current frame. The output of the relevance network is a scalar
that is passed through a sigmoid function to generate a relevance
weight for the (t, f ) bin. The relevance weights generated for
all the (t, f ) bins (denoted as M in Figure 1) are then element-
wise multiplied with the learned representation I to generate the
relevance weighted (t, f ) representation (J = I ⊗ M ). This
final representation J is used in the subsequent model for the
task for COVID-19 detection.

The spectrogram of a breathing signal, generated using
the mel-scale filterbank and the learned filters, are shown in
Figure 2 (a) and (b), respectively. We can observe that the
model distributes the filters such that low- and high-frequency
bands are more stretched, compared to the mel spectrogram,
to provide more detailed representation of those regions. The
weighted spectrogram is presented in Figure 2 (c). Compared
with (b), we observe that the high frequency regions are more
enhanced than other regions in the relevance weighted output.
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Table 1: Comparison of the performance of the COVID-19 detection models using different signal representations on breathing and
speech modalities in terms of the AUC(%).

Representation Methods Breathing Speech
Fold1 Fold2 Fold3 Fold4 Fold5 Avg. Fold1 Fold2 Fold3 Fold4 Fold5 Avg.

Mel-Spectrogram [29] 73.8 76.4 75.6 77.1 84.2 77.4 74.8 85.1 79.1 78.6 80.4 79.6
SincNet [21] 72.4 69.6 81.9 76.4 77.1 75.4 75.0 84.6 77.4 76.7 85.2 79.7
LEAF [18] 71.5 62.9 66.1 66.6 73.6 68.2 60.5 59.1 63.8 57.4 62.0 60.6
CosGauss 75.8 74.3 79.4 78.3 78.6 77.3 77.0 81.5 83.5 77.5 82.9 80.4
CosGauss-relev 75.4 76.0 79.7 78.1 82.8 78.4 76.5 83.6 83.3 79.6 84.5 81.5
CosGauss(maxpool)-relev 75.0 72.2 78.0 76.6 79.7 76.3 77.4 80.7 81.2 78.1 82.6 80.0
CosGauss-relev-pretr 76.1 75.9 77.7 76.9 83.2 78.0 77.1 79.7 84.7 77.0 81.3 80.0
CosGauss-relev-pretr-fine 81.2 77.0 80.9 78.4 84.9 80.5 78.3 81.5 83.5 78.0 81.5 80.6
CosGauss-SSL-pretr 77.3 73.9 79.6 79.3 81.6 78.3 78.7 80.5 81.9 75.8 81.8 79.7
CosGauss-SSL-pretr-fine 78.5 77.9 77.9 80.2 81.3 79.2 80.7 81.7 82.7 76.8 78.3 80.0

2.3. Back-end Model Architecture

The relevance weighted representations are used to compute the
delta and double-delta features. For the supervised training, we
base the rest of the architecture design on the baseline system
provided as part of the Second DiCOVA challenge [29]. The
model consists of 2 layers of a bidirectional long-short term
memory (BLSTM) network followed by a two class posterior
output. The model is trained using the binary cross entropy
(BCE) loss1.

3. Transfer Learning of Representations
3.1. Data Resources

To develop and evaluate the proposed method, we used two data
sets: The COVID-19 Sounds [30] and the Coswara [29] dataset.

3.1.1. COVID-19 Sounds Data Set

This data set, which is crowd-sourced from 36, 116 participants
from around the world, consists of 53, 449 audio samples of
three different acoustic modalities, namely speech, cough, and
breathing. In addition to the audio samples, demographic infor-
mation, health conditions of the participants, and participants’
self-reported COVID-19 testing status are also provided. Since
the testing status is self-reported, we have selected participants
who tested positive within the 14 days of the recording as the
positive class, and those who never tested positive as the nega-
tive class. Moreover, as the samples were captured from a wide
range of platforms, the sampling frequency and the audio for-
mat of the samples are diverse. Therefore, we only selected the
samples of 44.1 kHz sampling frequency and those with “wav”
audio file format. The selected samples are then split into train-
ing and validation subsets of 1, 810 and 440 samples, respec-
tively for speech modality, and 1, 875 and 469, respectively for
breathing modality.

3.1.2. Coswara Data Set

The Coswara data set [31] is a crowed-sourced dataset from
more than 1, 500 participants across the world. During the data
collection, participants were asked to record their voice in var-
ious modalities, namely breathing, cough, sustained vowel /a/
phonation, and speech. Along with the voice samples, demo-
graphic information and self-reported COVID-19 status are also
collected. The samples were captured through a website appli-

1The code and models are available at: https://github.com/
iiscleap/acoustic_repLearn_dicova2

Figure 3: The proposed CPC-based architecture for self-
supervised filter learning. gar and ct represent the auto regres-
sive module and the context vector, respectively [32]. The input
to each gar is of dimension F × 1. The detailed architecture of
acoustic Filter Bank Module is shown in Figure 1.

cation and at a sampling frequency of 48 kHz. For this study, we
used a subset of the Coswara data set of 965 participants split
into 5 folds of 80%–20% training-validation, provided by the
organizing committee of the Second DiCOVA challenge [29].

3.2. Supervised Pre-training

In supervised pre-training, we first learn the filter on the larger
data set along with the target labels. In our case, we use the
COVID-19 Sounds data for the pre-training. The filters trained
using this data set are then used to initialize filters for learn-
ing on the Coswara data. We report results in Table 1 for
two settings, one in which pre-trained filters are not fine-tuned
(CosGauss-relev-pretr) and one in which pretrained filters are
fine-tuned (CosGauss-relev-pretr-fine) using the Coswara data.

3.3. Self-supervised Pre-training

For our experiments, we used the contrastive predictive coding
(CPC) [32], which is an autoregressive method. The input au-
dio signals are first converted into compact representations us-
ing the encoder module. Then, these representations are used to
predict future representations using autoregressive models im-
plemented as a recurrent layer.
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Figure 4: Distribution of centre frequencies of mel and Cos-
Gauss filters learned from Coswara data with pre-training in
a supervised (CosGauss-relev-pretr-fine) and self-supervised
(CosGauss-SSL-pretr-fine) fashion.

The proposed architecture for self-supervised learning is
shown in Figure 3. The acoustic filterbank module, described
in Figure 1, generates representations at the frame-level of di-
mension F ×1. These are then passed through an LSTM block.
The CPC training is performed on the COVID-19 Sounds sam-
ples without using the label information. We hypothesize this
scenario to reflect semi-supervised learning frameworks, where
a large data set (in our case, the COVID-19 Sounds data set) is
available without label information, while the target data set (in
our case, the Coswara data set) is labelled but smaller in size.

We used the COVID-19 Sounds data set to pre-train the fil-
ters in self-supervised manner. Then, the pre-trained filters are
used to initialize filters in our model which are then fine-tuned
on the Coswara data.

4. Results
Table 1 compares the performance of different signal represen-
tations on breathing and speech modalities in terms of the area
under the receiver operating characteristic curve (AUC). The
representation learning methods above the dotted line are the
baseline approaches compared in this paper. The first row shows
the mel-spectrogram representation, followed by the SincNet
representations [21] in the second row. The third row shows the
performance of LEAF representations [18].

The fourth and fifth row shows the representations based on
cosine modulated Gaussian filters without and with relevance
weighting respectively. The sixth row is similar to the fifth, ex-
cept that the average pooling operation in acoustic filter-bank
layer is replaced by max-pooling. Out of these three, cosine
modulated Gaussian filters with relevance weighting(fifth row)
shows the best result for which the results improve over the
baseline approaches (absolute improvements of 1% in AUC for
breathing modality and 1.9% in the case of speech modality)
for both the modalities of speech and breathing. Further, the
improvements are consistent on four of the five folds in speech
and three of the five folds in breathing.

The seventh and eighth rows show the results for supervised
pre-training without and with fine-tuning, respectively. The
results for self-supervised pre-training without and with fine-
tuning are represented in the ninth and tenth rows, respectively.
These results represent the various transfer learning approaches

explored in this work. The following are the major insights de-
rived from these experiments,

• The results with pre-training on the COVID-19 Sounds data
set alone in supervised (seventh row) or self-supervised fash-
ion (ninth row) without fine-tuning degrades the perfor-
mance over the direct supervised learning of the filters on the
Coswara data set (fifth row) for both the speech and breathing
modalities.

• Using the fine-tuning followed the pre-training improves the
performance of the transfer learning. The supervised pre-
training with fine-tuning (eighth row) offers improved perfor-
mance over the self-supervised pre-training (tenth row) for
speech and breathing modalities.

• For the setting of supervised pre-training with fine-tuning, the
transfer learning improves significantly (absolute improve-
ments of 2.1%) in the case of breathing modality while the
transfer learning approaches are inferior to the one trained
directly on the Coswara data set for the speech modality.
We hypothesize that speech signals are more cultural and
linguistic in nature, where the speech modality of COVID-
19 Sounds data set, collected primarily in UK, differs dras-
tically from the Coswara data set collected in the Indian
sub-continent. On the other hand, the breathing signals are
more universal and less linguistically and geographically in-
fluenced.

5. Discussion
Figure 4 gives a better insight on how the center frequency of
the filters are distributed for the different learning approaches
explored in this work. We can observe that, for breathing, the
distribution of learned filters in the low frequency regions (up
to ∼2 kHz) is almost similar to that of the mel-scale filterbank.
However, they take on a different distribution in the mid-range
and high frequency range. Compared to the mel filterbank, the
model puts fewer filters in the frequency regions that are not
very informative for classifier and puts more filters in the re-
gions that require more frequency resolutions. The filter profile
of the self-supervised model is similar to the supervised models
in the low frequency regions. However, unlike supervised mod-
els, it places more filters in the mid-frequency range for speech
data. It is interesting that the filters of the self-supervised model
that are fine-tuned on the target data, take on an almost similar
distribution to that of the supervised model. For the speech, the
model puts more filters than the mel filterbank in the low fre-
quency region (0-4 kHz). Then, it becomes more sparse in the
higher frequency regions.

6. Conclusions
In this paper, we have presented an approach for representa-
tion learning based on a parameterized convolutional neural
network layer with a relevance weighting. The approach uses
cosine modulated Gaussian kernels to learn the sub-band de-
composition of the audio signal. Further, we have explored the
transfer learning capabilities of the front-end using a supervised
and self-supervised modeling framework. In our experiments
on COVID-19 detection task from raw audio, we show that the
proposed approach improves over the baseline mel spectrogram
representations as well as the other approaches for representa-
tion learning. The improvements are also observed for both the
modalities of speech and breathing, indicating the usefulness of
the modeling paradigm for a broad range of acoustic signals.
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