Interspeech 2022
18-22 September 2022, Incheon, Korea

Enhancing Embeddings for Speech Classification in Noisy Conditions

Mohamed Nabih Ali *, Daniele Falavigna ?, Alessio Brutti ®

! Information Engineering and Computer Science School, University of Trento, 38121 Trento, Italy
2 Fondazione Bruno Kessler, 38121 Trento, Italy

mohamed.nabih@unitn.it,

Abstract

Robustness against noise is critical for several speech applica-
tions in real-world environments. In general, to improve the ro-
bustness, a speech enhancement front-end is integrated as a pre-
processing stage, often jointly trained with the network back-
end to reduce the impact of distortions and artifacts on the per-
formance. Recently, the use of speech representation computed
using pre-trained models on large amounts of data, as Wav2Vec,
has proved to be effective in a variety of speech processing and
classification tasks. However, the performance of these models,
although very robust, deteriorates in presence of environmental
noise. In this paper, we investigate how enhancement can be
applied in neural speech classification architectures employing
pre-trained speech embeddings. We investigate two approaches:
one applies time-domain enhancement prior to extracting the
embeddings; the other employs a convolutional neural network
to map the noisy embeddings to the corresponding clean ones.
Exhaustive experiments on the Fluent Speech Commands and
Google Speech Commands corpora, contaminated with noises
from the Microsoft Scalable Noisy Speech Dataset, sheds light
and provide insights about the most promising enhancement
training approaches.

Index Terms: speech embeddings, speech enhancement, joint
training

1. Introduction

Despite the large improvements achieved in recent years in the
fields of automatic speech recognition (ASR) and understand-
ing, mainly thanks to the usage of effective models pre-trained
on large sets of data [1, 2], the problem of understanding speech
in the presence of diverse acoustic noises is still a big challenge.
As a matter of fact, when the speech signals are contaminated
with either environmental noise, reverberation, or in presence of
many competing speakers, causing the so called cocktail party
effect [3], the resulting intelligibility can be unacceptable (see
[4] for some performance figures on this issue). As a conse-
quence, also the corresponding word accuracy and semantic ac-
curacy will not be enough to face with many of the application
areas of interests.

To mitigate the effects of these adverse conditions, several
speech enhancement (SE) approaches [5, 6], as well as corre-
sponding evaluation metrics [7, 8], have been proposed in the
past that try to increase the intelligibility of noisy speech sig-
nals. Recently, thanks to the extraordinary improvements in
deep neural networks (DNNs), SE has been approached as a
deep learning task [9], in particular paving the way towards
processing the input waveform in the time domain [10, 11].
In a previous work by us [12] we employed Wave-U-Net [11],
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Figure 1: Speech classification based on pre-trained speech em-

beddings

a time domain SE model, as a front-end for an intent classi-
fication task. In the paper we demonstrated the effectiveness
of joint training a pipeline formed by a SE module (the Wave-
U-Net) followed by a time-domain intent classification module
(also based on a DNN model): improvements have been reached
both in terms of SE quality metrics and accuracy of the detected
intents. Recently the use of pre-trained speech embeddings has
become extremely popular since the model design and train-
ing does not involve the backbone, and is hence much simpler
as in [13]. In addition, it makes also effective the implemen-
tation of unsupervised training of audio data [14]. Therefore,
in this paper we extend our previous contribution investigating
speech enhancement strategies for speech classification models
employing pre-trained speech embeddings (as Wav2Vec [2]) as
shown in figure 1. In particular we propose an approach for
directly enhancing embeddings using convolutional neural net-
works (CNN) architectures inside a joint training framework.
More in details, we compare two different SE architectures: a)
speech embeddings are extracted (using Wav2Vec) on enhanced
waveforms on top of a SE network; b) speech embeddings ex-
tracted from noisy speech are enhanced. The two architectures
will be explained in the details in section 3 and in section 5.
We point out that, to the best of our knowledge, this is the first
attempt to apply an enhancement network to speech embed-
dings derived from noisy speech. Note that working directly
on the embeddings, whose dimensionality is typically relatively
reduced, allows the design of rather small and easy to train net-
works. To summarize, the novelty of this work lies in: a) the di-
rect enhancement of Wav2Vec embeddings extracted from noisy
speech, and b) the joint training of the (embedding based) front-
end and the classifier back-end.

2. Related Work

In supervised SE, neural networks are trained using pairs of
clean and noisy speech signals without any statistical assump-
tions [15]. Many of these approaches employ the short-time
Fourier transform (STFT), either estimating the clean signal
magnitude [16], or the Time-Frequency (T-F) masks used to
separate the T-F bins associated to the target speech signal and
noise [17, 18, 19]. The main drawback of all of these methods
is that they reconstruct the magnitude of the spectrum, while
the phase remains noisy. In addition, masks often introduce ar-
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tifacts which may affect the signal quality as well as the perfor-
mance of following processing components. As an alternative,
time-domain methods, which estimate enhanced signals directly
in the time domain, have emerged recently [20, 21, 22, 11].
Their major advantage is that they can mitigate the phase es-
timation problem, which improves the speech quality and intel-
ligibility [23].

In several applications involving noisy speech, SE is ap-
plied as a front-end” module followed by a “back-end” one,
which addresses the actual task, e.g. classifying speech. Often
the front-end and the back-end are trained separately, however
recent works have proven that joint training both modules pro-
vides better performance, both in terms of SE and classification
or regression accuracy. Below we will summarize some of the
(to our knowledge) most relevant recent works on joint training,
the majority of which focuses on keyword spotting (KWS)

In [24], the authors addressed the problem of supervised
noise reduction for KWS by employing a microphone-array
SE front-end in the STFT domain. The front-end supervised
by the KWS led to an approximately 32% improvement over
their baseline. In an analogous way, the work in [25], pro-
poses to jointly train a pre-trained front-end speech SE model
with a CNN-based KWS classifier. In [26, 27], the wake-up
word detection task in noisy conditions is addressed by op-
timizing the whole system using a linear combination of a
reconstruction-based loss (either at log-mel spectrogram level
or waveform level) with the cross-entropy loss for wake-up
word detection. Exhaustive experiments with different clas-
sifiers show that jointly training improves the overall perfor-
mance. Slightly different is the work in [28] which addresses
KWS in multi-speaker environments. In particular, the authors
propose a joint training approach incorporating a multi-look
enhancement front-end that combines spectral, inter-channel
phase difference, and directions associated features with a back-
end KWS. All the reported works do not involve speech embed-
dings in the training procedure. This is instead done in [29] that
proposes a weighted loss function that combines three losses,
including the mean squared error between the embeddings ex-
tracted from the noisy speech and the enhanced output.

Whit respect to the current state of the art, our work investi-
gates joint training with speech embeddings in the time domain
and it presents an attempt to apply enhancement directly to the
embeddings.

3. Proposed enhancement schemes and
joint training losses

As mentioned in the Sec. 1 we investigate on two different neu-
ral architectures, shown in Figure 2, to classify noisy speech.
Both architectures consist of a stack formed by a SE front-end
and a back-end that classifies speech according to the task at
hands (i.e. intent or keywords classification). The difference
between the two architectures lies in where embeddings are
computed: in Figure 2a) the Wav2Vec module is applied on top
of the enhancing network, we refer to this approach as Wave-
Enh; in Figure 2b) Wav2Vec is applied before (i.e. on bottom
of) the speech enhancement module, we denote this solution
as Embeds-Enh. Note that in the latter case the enhancement
module operates directly on the embedded representations.

Both architectures of Figure 2 are trained by optimizing a
joint loss function that combines a speech enhancement loss
(Lsg) with a classification loss (L), that is:

Liotar = aLse + (1 —a)La ey
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Figure 2: The two proposed enhancement strategies: (a) Wave-
Enh, speech waveforms are enhanced prior to embedding ex-
traction; (b) Embeds-Enh, embedding are enhanced instead.

In this paper we adopt the mean squared error (MSE) as the
SE loss and the cross-entropy for the speech classification loss.
The coefficient o € (0, 1) is a hyper-parameter that adjusts the
weight of each component in the joint loss. In this research, we
experiment on a grid of values for a, i.e. (0.1, 0.5, 0.9). More
details about other hyper-parameters are given in Section 6.

Note that, from equation 1, the gradient of the classification
loss (i.e. L) is back-propagated across the layers of the SE
module, so that the update of the related parameters, namely
OsE, can be expressed as follows:

Ose + Oseg — M[aVLse + (1 — a)VL] )
where VLsg and VL represent the gradients of SE and clas-
sifier loss respectively, and A; is the learning rate used to train
the SE front-end. In this way the SE module provides enhanced
signals that maximize the classifier performance. Unlike the
front-end, the back-end network parameters depend only on the
classification loss and they are updated as follows:

O + O — [(1 - Q)A2v£cl]a 3

where ©; denotes the classifier parameters, and A2 is the clas-
sifier learning rate.

4. Datasets and tasks

We have evaluated the proposed enhancement architectures on:
an intent classification task, using the Fluent Speech Com-
mands (FSC) dataset [30] and a keyword spotting task, using
the Google Speech Commands dataset v1 (GSC) [31].

FSC includes 30,043 English utterances, recorded at 16
kHz. Overall, 97 native and non native speakers (52 males, and
49 females) are recorded while simulating an interaction with
voice-enabled appliances or smart devices with no overlapping



Table 1: Statistics (number of utterances and duration) of the
FSC and GSC datasets.

Data FSC Hours GSC Hours
Train Set 23132 14.7 45931 12.7
Validation SEt | 3119 1.9 6799 1.8
Evaluation Set | 3793 2.4 6836 1.9

speech in each signal. The dataset provides 248 different utter-
ances that are mapped in 31 different intents.

GSC has 65,000 clips of one-second-long duration recorded
as 16 kHz sampling frequency. The audio files are organized
into folders based on the word they contain, resulting into 30
different keywords. For both datasets we adopt the official splits
as reported in [30, 12] and in Table 1.

4.1. Noisy Datasets

To emulate realistic application scenarios, where environmental
noise may affect the classification accuracy, we contaminated
both FSC, and GSC datasets by superimposing 6 different types
of noise out of the 25 noises available in the Microsoft Scal-
able Noisy Speech Dataset (MS-SNSD) [32], i.e. air condi-
tioner, airport announcements, traffic, neighbor speaking, shut-
ting door, and restaurant. Both datasets are contaminated using
the “maracas” library available in !. A noise signal is randomly
selected from those available and added to each clean signal
with an SNR randomly selected from 3 possible values: -5dB,
0dB, 5dB.

5. System description

The computation of the speech embeddings depicted in Figure 1
is carried out with the pre-trained Wav2Vec model [1]. In par-
ticular we used the model trained on the “LibriSpeech” data
set [33]%. has been demonstrated effective for tackling ASR
tasks, even when few supervised data are available® for fine
tuning. The enhancement and classification networks are de-
scribed in the next subsections. It is worth noting that, recently,
other models pre-trained on very large clean and noisy speech
datasets have been made available [34, 35] and will be investi-
gated in future work.

5.1. Enhancement

Wave-U-Net [11], a U-Net architecture [36] specifically de-
signed for speech processing, has been demonstrated to be very
effective for time-domain SE, achieving promising results in
comparison with other methods. U-Net is a fully convolutional
neural network, with a contracting path (encoder network), a
bottleneck layer and an expansive path (decoder network). The
encoder part follows a typical architecture of a CNN, with mul-
tiple of 1D convolutions blocks without padding followed by
a ReLU activation function and a max-pooling operation for
downsampling. While the model downsample the space in fac-
tor of 2, it doubles the number of feature channels in the net-
work [36]. The decoder network consists of an upsampling op-
eration of the feature map (usually a transposed convolution or
bi-linear interpolation) that sequentially halves the number of
feature channels. Finally, skip-connections are applied to avoid
information loss between encoder and decoder blocks.
Wave-U-Net follows the same architecture of U-Net, de-

Thttps://github.com/jfsantos/maracas
Zhttps://github.com/pytorch/fairseq/tree/main/examples/wav2vec
3https://huggingface.co/blog/fine-tune-xlsr-wav2vec2
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signed to process fixed-length input signals with sample length
16834 *. Therefore, signals longer than that are first split in seg-
ments and then concatenated at the output of Wave-U-Net. The
model has 12 layers for the encoder part uses kernelsize = 15,
stride = 1, and padding = 7, while the decoder has the same
number of layers but with kernelsize = 5, stride = 1, and
padding = 2. Each layer in both encoder and decoder is fol-
lowed by a 1D batch normalization layer, and leaky ReLU acti-
vation function with negative slope = 0.1.

Consider, as input to Wave-U-Net, a noisy signals y[n] €
-1, 1]L *C where C is the number of speech channels and L
is the number of audio samples (C' = 1 in our case). In case
of monaural speech enhancement, the network is trained to map
y[n] to its enhanced counterpart [n] using the clean signal z[n]
as the training targets, by minimizing the MSE between z[n]
and £[n], i.e.:

Lse = llz[n] — &[n])* @)
n

It is worth noting that, although Wave-U-Net is a well estab-
lished architecture for time-domain waveform enhancement,
there is no evidence of its efficacy for enhancing the speech
embeddings. Therefore we experimented with 4 additional ar-
chitectures namely: the same U-Net described above, U-Net-2,
CNN-2, and CNN-4 described below.

U-Net-2 follows the same architecture of the U-net model,
but without skip connections. In addition, the encoder has 4
1D-convolutional layers where the output feature channels are
successively doubled from layer to layer. The decoder has the
same architecture of the encoder, but the output feature channels
are halved sequentially.

We investigated the performance of two CNN models with
different sizes, called respectively CNN-2, and CNN-4, which
has been shown to achieve competitive performance as SE
front-end [37]. CNN-2 consists of a stack of 2 1D-convolutional
layers with dimensions (inchannel = 512, outchannel =
256), and (inchannel = 256, outchannel = 512) respectively
kernelsize = 3, stride = 1, and padding = 1. CNN-4 is
an extension of the previous CNN-2 formed by a cascade of 4
1D-convolutional with the same parameters.

In all of these architectures batch normalization and either
leaky ReLU or ReLLU activation functions are applied after each
convolution operation. Models are trained using the Adam op-
timizer with learning rate \; = 1074

5.2. Classifier

For both tasks, i.e. intent classification and keywords spotting,
we propose to use a multi-class architecture to directly map each
utterance of either FSC or GSC dataset into the corresponding
31 possible intents or 30 keywords, respectively. This architec-
ture is based on Conv-TAS Net, firstly introduced for time audio
separation [38]. The model processes the enhanced speech em-
beddings from the SE front-end, as depicted in Figure 1. Conv-
TAS Net consists of a 1-D convolutional layer that maps the in-
put features into bottleneck features. This layer is followed by
2 convolutional blocks, each of them includes 5 residual blocks.
Each residual block consists of 1-D dilated convolutional layer
followed by normalization layer and Parametric ReLU activa-
tion function (pReLU). The dilation factor is increased in every
successive residual block. The back-end classifier inputs are
the speech embeddings of dimensions 512. Then, 64 channels

“4https://github.com/haoxiangsnt/Wave-U-Net-for-Speech-
Enhancement



for bottleneck features and 128 channels for depth-wise separa-
ble convolutional layers are used, respectively. The classifier is
trained by minimizing the cross entropy loss between the target
and the predicted labels (intents or keywords, respectively), i.e:

(&)

where 7" is the number of training samples and p; is the proba-
bility of the t*" target sample.

The learning rate adopted in both tasks is A2 = 1072 and
the optimization is carried out with the ADAM optimizer with
decay rates: 1 = 0.9 and 52 = 0.999.

6. Experimental analysis

We evaluate our proposed enhancement strategies for speech
embeddings considering both dis-joint and joint training. In the
dis-joint approach the SE component is first trained individually
and the classifier is successively trained on the enhanced data.
For the joint training we explore three possible values of the hy-
perparamter «: 0.1, 0.5, and 0.9. All experiments make use of
100 training epochs. For the Wave-Enh strategy the batch size is
4, and 10 for FSC, and GSC respectively. While of Embeds-Enh
the batch size is set to 10, and 20 for FSC and GSC respectively.

Table 2: Classification accuracy using dis-joint training on FSC
for different embedding enhancing models (no. of model pa-
rameters are also reported). The performance using Wave-Enh
is reported as reference.

Wave-Enh Embeds-Enh
Wave-U-Net U-Net U-Net-2 | CNN-2 | CNN-4
Acc 93.40% 79.88% | 81.07% | 92.51% | 92.96%
Pars 10M M 38 M 788 K 986 K

6.1. Results

First of all we compare in Table 2 the performance achieved on
the FSC dataset, applying disjoint training using the different
embedding enhancement architectures described in section 5.1.
Best performance is reached with the CNN-4 topology, there-
fore it will be used in the following experiments.

Table 3: Accuracy for the two speech classification tasks using
different enhancement strategies. The enhancement based on
embeddings uses the CNN-4 model.

Data | Acc-FSC  Acc-GSC
Clean 98.94% 96.22%
Noisy 89.63% 88.00%
Dis-joint training | 93.40% 89.42%
Wave-Enh a=0.1 90.95% 89.78%
a=0.5 94.88 % 90.13%
a=0.9 93.30% 89.52%
Dis-joint training | 92.96% 89.20%
Embeds-Enh a=0.1 92.32% 89.08%
a=20.5 92.56% 90.28 %
a=0.9 93.30% 89.81%

Table 3 compares the classification accuracy on the two
tasks considering joint and disjoint training of both waveforms
(Wave-Enh) and embeddings (Embeds-Enh) enhancement. The
row “’clean” reports the upper-bound performance on clean data.
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Table 4: Speech enhancement evaluation metrics on FSC
dataset using Wave-Enh strategy.

Metric PESQ STOI

Noisy 1.28 0.84
Dis-Joint 226  0.890

Joint training (o« = 0.5) | 2.34  0.894

Note that the performance of our classifier is in-line with the
state of the art in both tasks. The row "noisy” reports the (lower-
bound) performance obtained on the noisy data when no en-
hancement is applied. The other rows of the table give the per-
formance on the noisy data applying both dis-joint and joint
training. First of all, it is worth noting the significant improve-
ment achieved with speech enhancement, especially when joint
training strategies are used (the relative improvement w.r.t. dis-
joint training is always above 10%). In addition, the Embeds-
Enh approach shows a competitive performance with respect to
its time domain counterpart. Note that the Embeds-Enh strat-
egy significantly reduces the computational complexity, being
the total number of parameters of the CNN-4 model much lower
(~ %) than that of Wave-U-Net. This is related to the smaller
dimensionality of the speech embeddings with respect to the
audio waveforms. Going more into details, the Wave-Enh ar-
chitecture obtains the highest classification accuracy when Lsg
and L.; equally contributes to the joint loss (i.e. a = 0.5). A
similar trend is observed for Embeds-Enh strategy only in the
GSC dataset, while for the FSC dataset the optimal value is:
a = 0.9, meaning that for this task the SE component is pre-
dominant in loss optimization. In general, we can claim that ap-
ply enhancement directly on the embeddings is preferable with
respect to enhancing the speech waveforms, in terms of perfor-
mance as well as computational complexity.

Finally, in Table 4 is reported the performance, in terms of
PESQ and STOI defined in [39] obtained on the FSC dataset.
Interestingly, the joint approach not only improve the final clas-
sification accuracy, but also improves the SE metrics w.r.t the
dis-joint approach.Our code will be available in °.

7. Conclusion

In this paper we proposed two joint training approaches namely
Wave-Enh, and Embeds-Enh to robust intent/keywords classi-
fication in noisy environment. The difference between the two
approaches is where the speech embeddings are computed. The
jointly compositional scheme consists of a neural speech en-
hancement front-end based on Wave-U-Net, and CNN model
for Wave-Enh, and Embeds-Enh respectively combined an
with intent/keywords classifier.

All experiments are conducted on FSC, and GSC datasets
contaminated with a set of noises obtained from MS-SNSD.
Exhaustive experiments prove the efficiency of the joint train-
ing approach in terms of final classification accuracy. In ad-
dition, the Embed-Enh strategy shows a competitive perfor-
mance not only in terms classification accuracy, but also in
terms of computational resources. However, CNN-based em-
bedding enhancement model is rather simple and we believe
that there is room for substantial improvement. Our future work
will therefore investigate alternative effective neural architec-
tures. Another research direction will explore other pre-trained
speech embeddings (as Wav2Vec 2.0, HuBERT and WavLM),
and integrate the Connectionist Temporal Classification, in sim-
ilar way to what we proposed in [40], as an additional loss.

Shttps://github.com/mnabihali/Joint-training-embeddings
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