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Abstract 

A major performance indicator of telecommunication 
services and networks is the perceived quality of transmitted 
speech signals, which can be categorized into dimensions 
such as noisiness, discontinuity, coloration, loudness, as well 
as overall quality. Modern machine learning techniques, 
especially deep learning, have made it possible to predict the 
perceived quality non-invasively, using the degraded signal 
only. Although these single-ended models produce results 
somewhat comparable to subjective ratings, predicting the 
noisiness level accurately has remained a challenge. An 
improvement in noisiness prediction will be useful in further 
progress towards standardizing methods for single-ended 
perceptual approaches for multi-dimensional analysis 
(P.SAMD) by the International Telecommunication Union. In 
this work, a speech quality database curated for noisiness 
degradation conditions is prepared and used to train a large 
pre-trained language model, XLS-R, in combination with 
various downstream deep learning architectures. We show 
that the success of the XLS-R feature extractor can be utilized 
in the task of predicting perceived noisiness in transmitted 
speech signals non-invasively.  

 

Introduction 
Communication technology can be categorized into three 
domains: public switched telephone network, mobile 
telephone networks and voice over the internet services 
(VoIP). Each domain is comprised of different technologies 
which add different types of degradation to the transmitted 
speech signals. The quality of the transmitted speech is best 
measured via human subjective evaluations because 
communication depends largely on human perception. 
Noisiness is one of the four perceived quality dimensions, 
amongst coloration, discontinuity and loudness. It comes 
from various sources, like, environmental noises, traffic, 
extraneous speech, and machines. The International 
Telecommunication Union (ITU-T) Recommendation for 
conducting subjective assessments of the quality of 
transmitted speech signals is laid out in P.800 for laboratory 
based and in P.808 for crowdsourcing. However, subjective 
assessment is inherently time-consuming, expensive, and not 
applicable in monitoring scenarios hence automatic 
assessment tools which predict the noisiness levels are 
desirable. This work explores the single-ended approach to 
noisiness assessment. Single-ended models do not require 
reference/source audio, which makes them highly portable. 

In this paper, a speech quality database curated for noisiness 
degradation conditions is prepared and used to train a large 
pre-trained language model, XLS-R (Alexis Conneau, 2021), 

in combination with various downstream deep learning 
architectures. We show that the success of the XLS-R feature 
extractor can be utilized in the task of predicting perceived 
noisiness in transmitted speech signals non-invasively.  

Dataset 
Speech samples with varied levels of noisiness impairment 
were collected. Here, both live noise, such as calls made from 
noisy environments like coffee shops, as well as simulated 
noise was incorporated. Then, subjective listening tests were 
conducted following ITU-T P.800 and ITU-T P.808, in the 
laboratory and in crowd. In this way, the mean opinion score 
(MOS) of multiple human listeners was collected based on the 
absolute category rating (ACR) scale. Participants stated the 
level of noisiness they perceived from 1-5, where 1 is poorest 
quality (most noisy) and 5 is excellent quality (not noisy). The 
average score (MOS) is used to represent the human perceived 
noisiness of the speech samples.  

The development database consisted of 17,128 speech files 
ranging in length up to 12ms. The data was split into training 
set of 13,612 files, and validation set of 3,516 files. The 
training samples were used to train the proposed deep learning 
(DL) model, that is, to adjust the model parameters (weights) 
according to the mean squared error (MSE) obtained from 
comparing the model’s predicted noisiness MOS and the 
actual human-labelled MOS. The validation samples were 
used to evaluate the model’s performance after each epoch of 
training, hence did not directly affect the model parameters, 
but aided in the tracking of model performance improvement 
and early stopping. 

Benchmark datasets, NISQA_TEST_FOR, 
NISQA_TEST_P501, NISQA_TEST_LIVETALK and 
NISQA_TEST_NSC, available in (G. Mittag, 2021) were 
used for evaluating the final trained model.  

Method 
The proposed perceived noisiness model is a large pre-trained 
language model, XLS-R, in combination with a simple 
downstream deep neural network architecture. The main 
purpose of this architecture here was to see the effectiveness 
of pretrained XLSR in this application, so the downstream 
model was kept simple. The XLSR language model is a 
version of the wave2vec2 model (Alexis Conneau, 2021), 
trained on large multilingual audio dataset, trained in a self-
supervised way. Figure 1 shows the proposed model. The first 
part of the model is the pre-trained convolutional neural 
network (CNN) of the XLS-R language model. This feature 
extractor has been trained on thousands of hours of speech 
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data. In our model, these layers were kept frozen and not 
further fine-tuned using the noisiness training samples.  

 

Figure 1: A simplified diagram of the proposed model. The 
input speech sample is fed through the convolutional neural 
network feature extractor pre-trained as part of the XLS-R 
language model, which are then fed to the linear feed forward 
neural network. 

 
The extracted features were then passed to the simple linear 
feed forward neural network, the parameters of which were 
adjusted based on the MSE upon comparing the predicted and 
target noisiness MOS values. Four versions of the linear 
model were experimented with. All versions were comprised 
of linear feed forward followed by ReLU activation function. 
All layers contained ten nodes, and the versions contained 3, 
4, 5, and 6 linear blocks respectively. 

Results and Discussion 
The proposed method was evaluated on benchmark datasets 
(mentioned in Datasets section). The Pearson’s Correlation 
Coefficient (r/PCC) and Root Mean Square Error (RMSE) 
were calculated for performance indication. Table 1 shows the 
performance of the four versions of the proposed model, 
xlsr+x where x is the number of linear layers. 

 
Table 1: PCC and RMSE scores of the proposed model 
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xlsr+3 0.76 0.46 0.80 0.60 0.68 0.93 0.81 0.42 0.51 0.71 0.81 0.64 

xlsr+4 0.84 0.41 0.83 0.47 0.66 1.01 0.84 0.40 0.56 0.74 0.84 0.60 

xlsr+5 0.84 0.46 0.84 0.67 0.68 1.00 0.85 0.42 0.57 0.67 0.83 0.63 

xlsr+6 0.85 0.44 0.84 0.68 0.69 1.02 0.86 0.43 0.58 0.68 0.84 0.61 
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Figure 2: Scatterplots of predicted noisiness MOS vs target 
MOS values for each evaluation dataset. The results are from 
the predictions produced by the xlsr+6 model, which 
contains 6 linear feed forward layers trained on the training 
dataset. 

 
The results show that the XLS-R pretrained feature extractor 
is an effective model for extracting speech representations 
from speech signals for the purpose of perceived noisiness 
prediction. The best performance is shown by the xlsr-6 
version, where the downstream model was 6 layers of linear 
feed forward neural network, with r=0.86 and rmse=0.43. 

 

Conclusion 
The proposed approach of using pretrained large language 
models was successfully demonstrated. Future work in this 
area should consider larger training datasets, more complex 
downstream model for training, and hyperparameter tuning. 
DL models are a cheaper, convenient and effective option in 
place of subjective listening tests. 
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