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Abstract—In this article, we provide an experimental observation: Deep
neural network (DNN) based speech quality assessment (SQA) models
have inherent latent representations where many types of impairments
are clustered. While DNN-based SQA models are not trained for impair-
ment classification, our experiments show good impairment classification
results in an appropriate SQA latent representation. We investigate the
clustering of impairments using various kinds of audio degradations
that include different types of noises, waveform clipping, gain transition,
pitch shift, compression, reverberation, etc. To visualize the clusters we
perform classification of impairments in the SQA-latent representation
domain using a standard k-nearest neighbor (KNN) classifier. We also
develop a new DNN-based SQA model, named DNSMOS+, to examine
whether an improvement in SQA leads to an improvement in impairment
classification. The classification accuracy is 94% for LibriAugmented
dataset with 16 types of impairments and 54% for ESC-50 dataset with
50 types of real noises.

Index Terms—Ilatent representations, noise classification, speech quality
assessment, deep neural network.

I. INTRODUCTION

Auditory-motivated perceptual features are extensively used in
audio signal processing. Examples of time-tested features are Mel-
frequency cepstral coefficients (MFCCs) [1]], perceptual linear pre-
diction (PLP) [2], and Gammatone frequency cepstral coefficients
(GFCCs) [3]. The use of MFCC features is a standard in speech
recognition, speaker identification, and many other speech processing
tasks [[1]].

Interesting experimental evidence exists that noise sounds, such
as coughing, train noise, mouse-clicking, etc., get clustered in the
MFCC feature vector domain [4]]. To visualize the clusters, a baseline
kNN classifier was used in the MFCC feature space, to correctly
classify noise types 66.7% in ESC-10 and 32.2% in ESC-50. Note
that the signal processing steps to generate MFCC feature vectors
are auditory-motivated, and not explicitly designed for noise clas-
sification. Therefore, the experimental evidence suggests that noise
classification happens in an auditory-motivated feature domain (the
MFCC domain).

Speech quality assessment (SQA) is the task of estimating speech
quality on a scale based on human perception. Speech quality is
affected by different impairments, such as varying types of noises,
reverberation, codec artifacts, etc. Currently, the best-performing
SQA models are designed using deep neural networks (DNNs) [5],
(80, (90, (110, [13], [16].

In this article, we show a phenomenon: DNN-based SQA models
produce internal (latent) feature vectors where many types of impair-
ments are clustered. Note that SQA models are not engineered for
clustering impairments. The training and learning algorithms for the
DNN-based SQA methods do not use any data and/or optimization
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problems related to impairment clustering. The clustering of impair-
ments turns out to be an inherent by-product. To the best of the
authors’ knowledge, our work is the first experimental evidence of
the phenomenon. Our contributions are as follows:

1) To visualize the clustering of impairments in a suitable latent
feature space, we perform a classification task to identify the
types of impairments. For this, we employ a standard k-Nearest
Neighbors (kNN) method, similar to the approach used by [4].
Our experiments demonstrate that the impairment classification
accuracy is significantly higher in the latent domain of DNN-
based SQA models compared to the traditional MFCC domain.
For instance, in the ESC-50 dataset, which contains 50 distinct
noise types, we achieve a classification accuracy of 27% in the
latent domain of a DNN-based SQA model, compared to just
18% in the MFCC domain.

2) We hypothesize that an improvement in SQA performance
correlates with an enhancement in impairment classification
accuracy. To test this hypothesis, we first evaluate impairment
classification accuracy in the latent domain of an existing
DNN-based SQA model, DNSMOS [6]]. We then apply an
improved version, DNSMOS Pro [[7], and examine its impact
on impairment classification. To adapt DNSMOS Pro for a
regression task (instead of the probabilistic approach proposed
in the original paper), we introduce slight modifications and
refer to the resulting model as DNSMOS+. Using the LibriAug-
mented dataset, we observe that DNSMOS achieves an SQA
performance of 0.89, as measured by the Pearson correlation
coefficient (PCC), with an impairment classification accuracy
of 86%. The enhanced DNSMOS+ model improves SQA
performance to 0.93 (PCC), with a corresponding increase in
impairment classification accuracy to 94%, thereby supporting
our hypothesis.

A. DNN-based Speech Quality Assessment Models

In this subsection, we provide a brief literature review on SQA
models, primarily on non-intrusive DNN-based SQA models.

For a non-intrusive SQA, the goal is to predict the speech quality
given only a degraded speech signal (i.e., in the absence of a reference
signal). The SQA models also can be intrusive, for example, PESQ
[[17], ViSQOL [18].

Over the past years, DNN-based non-intrusive SQA models have
become dominant. Early works include AutoMOS [12] and Quali-
tyNet [10], where the first is trained using mean-opinion-score (MOS)
[20] and the latter is trained using PESQ [17] labels. Later works
have been trained end-to-end with MOS labels, such as DNSMOS,
or utilizing individual scores for increased performance [5], [8]], [11].
Further, there are unsupervised feature extraction-based SQA models
1131, 1150, 1210, [22].
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(a) DNSMOS architecture. (b) DNSMOS+ architecture.

Fig. 1. Architectures of DNSMOS and DNSMOS+.

Some methods have explored measuring the quality from more
than one perspective, such as DNSMOSp835 [23|] and NISQA [9].
DNSMOSp835 is trained on scores collected under ITU-T Rec. P.835
[19], which aims to emulate the subjective evaluation for the amount
of noise and the impairment of the speech together with the overall
speech quality. NISQA hypothesizes that overall speech quality can
be described by four different quality ’dimensions’: noisiness, col-
oration, discontinuity, and loudness. However, none of the mentioned
SQA models provides the specific cause of poor speech quality,
instead, only scalar estimates of the quality are provided.

In this article, we use the DNSMOS models [6], [23] to study how
impairments are represented in latent space. The choice of DNSMOS
is due to its low complexity. Then we also study how the impairments
are represented in the slightly improved model DNSMOS Pro [7].

II. METHOD

We start with the basic DNSMOS [6] model, which is a popular
low-complexity non-intrusive SQA method. It uses the Mel spec-
trogram as input and outputs a scalar value: the speech quality in
terms of MOS. The DNSMOS architecture consists of two parts,
an encoder, and a predictor, as shown in Figure |1| (a). The encoder
consists mainly of convolutional and pooling layers and produces
latent representations of the input spectrogram. The predictor consists
of dense layers and maps the latent representation to a scalar MOS
value. The training of DNSMOS is an end-to-end supervised learning
mechanism where labeled data is used. The labeled data is comprised
of a pairwise input spectrogram and the corresponding MOS output
as a label.

A. Clustering of impairments in latent representation

A DNSMOS predictor provides SQA in terms of MOS using the
latent representation. If a speech signal has no impairments then the
MOS output is expected to be good. On the other hand, the presence
of impairments is expected to provide a poor MOS value. That means
the latent representation has some information about the impairments.
Then natural questions arise:

1) How is the information about the impairments reflected in the
latent representation space?

2) Can we visualize the effect of impairments in the latent
representation space?

3) Do different kinds of impairments form clusters in the latent
space? If so, are the clusters distinct or highly overlapping?

The dimension of the latent representation vector is much smaller
than the input spectrogram dimension. In our case, we use latent
dimension as either 64 or 128. Therefore, visualization of the latent
representation of a speech signal under an impairment or multiple
types of impairments is not trivial.

An indirect approach to visualize the latent representation and
forming of clusters is via a classification study: we create a labeled
dataset of speech using different types of impairments and measure
the accuracy of a kNN classifier.

B. Dataset construction

For a more controlled experimental setup, we also generate our
pseudo-labeled dataset and train a non-intrusive SQA model end-
to-end from speech clip features to speech quality. The dataset is
given by D = (x,y,2),cx, Where x is an impaired signal, y is
speech quality label from an intrusive quality measure, and z is the
impairment class applied to a clean speech signal to produce x.

We use the LibriSpeech [24]] dataset as the source of clean speech
data, and introduce different types of impairments to the speech clips.
This clean speech dataset consists of 100 hours of speech, a total of
28 539 speech clips, with an average duration of 13 s and sample
rate 16 kHz. We crop or repetitively pad all clean speech clips to 10
.

The impairments are added through augmentations supported by
the Audiomentations libraryﬂ We corrupt the clean signals with 9
different single impairments and 6 double impairments to make our
simulated dataset closer to real-world scenarios. The chosen ratio of
impairments as well as the parameters, are listed in Table[I] For the
additive background noise, we randomly sample it from Deman
and FreeSoun which in total consists of 23 different noise data
sources. We call the constructed dataset LibriAugmented, consisting
of 57078 speech clips and 16 impairment classes (considering the
identity mapping as a class). The subset of LibriAugmented in which
speech clips are corrupted by at most one impairment is noted as
LibriAugmented,n.. The complete LibriAugmented contains each
clean speech clip from LibriSpeech exactly twice.

We label the dataset using PESQ [[17] and ViSQOL v3 [18], both
of which are designed to simulate MOS measures. We split the data
into three sets: a training dataset, a validation dataset, and a testing
dataset. We explicitly make the split between one-impairment and
two-impairment subsets separately, so that each half contains 22 539,
3000, and 3 000 speech clips in train/val/test respectively. The clean
speech utterances are disjoint in the train/val/test split, meaning that
for example if we have a speech clip in the one-impairment train set,
then the same clean speech (but distorted with two impairments) is
also in the two-impairment train set.

C. DNSMOS+ design

We use an improved DNSMOS model, namely DNSMOS Pro
[7], to study how improvements in quality assessment relate to
the clustering of impairments. We change the model slightly from
the probabilistic definition given in [7], and we call this model
DNSMOS+. Changes of DNSMOS+ architecture from the DNSMOS

Uhttps://github.com/iver56/audiomentations
Zhttps://zenodo.org/records/1227121
3https://freesound.org



TABLE I
THE LIBRIAUGMENTED DATASET.

Impairment (Parameters)

0.1 Identity

0.1 AddBackgroundNoise (snr=—10 ~ 15 dB)
0.1 Clippingimpairment (percentile=10 ~ 40%)

0.1 GainTransition (gain=—60 ~ 20 dB)
0.1 LowPassFilter (cutoff_freq=0.5 ~ 1 kHz)
0.1 Mp3Compression (bit_rate=8 ~ 14)
0.1 PitchShift (semitones=—4 ~ 4 kHz)
0.1 RoomSimulator (rt60=0.8 ~ 1.5 s)
0.1 TimeMask (band_part=0.2 ~ 0.5)
0.1 TimeStretch (rate=0.5 ~ 2)
0.167 AddBackgroundNoise + RoomSimulator
0.167 AddBackgroundNoise + LowPassFilter
0.167 AddBackgroundNoise + TimeStretch
0.167 RoomSimulator + Mp3Compression
0.167 PitchShift + LowPassFilter
0.167 GainTransition + TimeMask

architecture include (1) STFT preprocessing instead of Mel spectro-
gram as input, (2) an extra convolutional layer, (3) SiLU (Swish)
activation function instead of ReLU, (4) more sparse max-pooling
layers with larger kernels, and (5) the addition of batch normalization
layers. A comparison of the architectures is illustrated in Figure [T}

III. EXPERIMENTS
A. Datasets

In our experiments, we use two different datasets: the LibriAug-
mented dataset as described in [[I-B] and the Environmental Sound
Classification 50 (ESC-50) dataset [4f]. LibriAugmented is used as
a training dataset for the non-intrusive models, and to study the
clustering of different impairments. ESC-50 consists of environmental
noise files and is used to study the clustering of noises in the latent
space of a non-intrusive SQA model.

The ESC-50 dataset consists of 50 different noise categories with
40 samples in each category, resulting in a total of 2000 noise clips.
All signals are 5 s long and sampled at 16 kHz. Examples include
noise types are mouse-clicking, cow, thunderstorm, laughing, vacuum
cleaner, baby crying, coughing, and helicopter. Human accuracy on
this dataset is ~ 81.3% [4].

B. Feature extraction

The feature extraction of the speech clips, before processing by
the DNN, is similar to DNSMOS [6]. The inputs are log-magnitude
spectrograms with a window duration of 20 ms and a hop duration
of 10 ms, using a Hann window, and at a sample rate of 16 kHz.
Furthermore, the values in the spectrogram are clipped to the interval
[—7,7]. This is to avoid having large values making training unstable.

C. Experimental setup

We design four training experiments: (1) DNSMOS (architecture)
on LibriAugmented dataset using ViSQOL labels; (2) DNSMOS+ on
LibriAugmented,ne using ViSQOL labels; (3) DNSMOS+ on Libri-
Augmented using PESQ labels; (4) DNSMOS+ on LibriAugmented
using ViSQOL labels.

The experiments were designed from an observational point of
view, where the latent clustering is studied in these conﬁguration

For all experiments, we train end-to-end from speech clip features
to quality labels. We use the mean-square-error (MSE) as a loss
function. An Adam optimizer with 81 = 0.9 and B2 = 0.999 [14]

4Code can be found at https://github.com/fcumlin/sqa_latent_classification,

was used, together with a learning rate of 10™* and batch size of
32, as per DNSMOS [|6]. We train for 500 epochs and extract the
model for analysis once it has been fully trained. One epoch means
one iteration over the whole training dataset. Training is done on one
Nvidia A100 40GB GPU card, and training one model takes ~ 30
hours to complete. Testing is done on the LibriAugmented test data.

1) Performance on predicting quality label: As performance mea-
sures we report the mean squared error (MSE), Pearson Correla-
tion Coefficient (PCC), and Spearman Rank Correlation Coefficient
(SRCC). These measurements are used to compare the predictions
with the ViSQOL labels on the test data. If the model is trained on
PESQ labels, we use the PESQ labels on the test data instead.

2) Performance on predicting impairments: To measure the latent
clustering of the impairments we do as explained in the method
Section [} Given the LibriAugmented test dataset, we have impaired
speech clips and impairment class label pairs. Some speech clips
have been distorted by two impairments, and we consider each such
pair as its own class. This means each speech clip has exactly one
impairment label.

We further split this LibriAugmented test set for training and
testing a KNN model, and this split is done in a stratified way so
that the proportion of different classes in each split is approximately
the same. We use 70% of data in training and 30% in test. A kNN,
using k = 15, is trained on the latent representations of the training
subset. We measure the accuracy of predicting the augmentation on
the test subset.

3) Performance on predicting noise class: To measure the classifi-
cation performance of different noises we use the ESC-50 dataset. We
partition this dataset into two sets, train and test, in a similar stratified
partitioning procedure as described in the previous paragraph. A kNN,
using k = 15, is also trained similarly, and we measure the accuracy
of predicting the noise class on the test subset.

4) Baseline and models from the literature: For the classification
task of predicting the impairment class in the LibriAugmented dataset
and the noise class in the ESC-50 dataset, we use three additional
methods for comparison.

As a baseline, we consider random projection [25]. This is done
by initializing a matrix A in R4*1?® where d is the number of
samples of an audio clip. The initialization is done so the columns in
the matrix are realizations of independent and identically distributed
normal vectors with an expected /> length of 1. The mapping of
an audio clip « to a 128-dimensional vector is given by x — Ax.
Subsequently, classification analysis is done using the image of a
speech clip under the random projection as input to the kNN model.

We also include classification results when using MFCC as an
input feature. This is done by computing the MFCCs of the speech
clips using 12 bins and using the image as input to the explained
kNN procedure.

We furthermore study pre-trained models in the literature, namely
DNSMOS [6] and DNSMOSp835 [23ﬂ The models were extracted
as-is; no additional training of the model weights was done. The
latent representations after the GlobalMaxPool layer were used as
input to train a kNN as explained.

D. Results

The results of speech quality prediction performance and classifi-
cation performance are shown in Table[[I] Note that the main interest
is the observation of the clustering of impairments, not speech quality

5The models can be found in https://github.com/microsoft/DNS-Challenge/
tree/master/DNSMOS,
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TABLE 11
PERFORMANCE RESULTS ON LIBRIAUGMENTED AND ESC-50. ALL SELF-IMPLEMENTED ALGORITHMS ARE RUN 10 TIMES WITH DIFFERENT SEEDS,
AND THE MEAN AND STANDARD DEVIATION ARE REPORTED. WHEN TRAINED TOWARDS PESQ LABELS, WE ALSO EVALUATE ON PESQ LABELS ON THE
LIBRIAUGMENTED DATASET.

LibriAugmented ESC-50

Model Labels Training data MSE PCC SRCC Top-1 Acc | Top-1 Acc  Top-3 Acc
Random projection - - - - - 0.08+0.01 0.03+0.01 0.07+0.01

MFCC - - - - - 0.30 0.18 0.36

DNSMOS MOS DNS data [6] 1.13 0.41 0.43 0.59 0.27 0.52

DNSMOSp835 MOS DNS data [23] 0.80 0.59 0.64 0.74 0.27 0.53
DNSMOS ViSQOL LibriAugmented 0.28+0.01 0.89+0.01 0.90+0.01 0.86+0.01 0.42+0.02 0.67+0.01
DNSMOS+ ViSQOL | LibriAugmentedone | 0.21+0.04  0.90+0.01 0.89+0.02  0.934+0.01 | 0.5140.02  0.78+0.02
DNSMOS+ PESQ LibriAugmented 0.33+0.15  0.87+0.05  0.87+0.01  0.93+0.01 | 0.494+0.02  0.7640.01
DNSMOS+ ViSQOL LibriAugmented 0.19+0.03 0.93+0.01 0.94+0.01 0.94+0.01 | 0.54+0.01 0.80+0.01
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Fig. 2. PCA visualization, using output dimension of 2, of latent features of
the LibriAugmented datasets using DNSMOS+ (ViSQOL labels).

prediction performance per se. In Fig. |ZL a 2-component PCA of the
latent representation of LibriAugmented dataset in the DNSMOS+
model is shown.

We notice that models trained on LibriAugmented and models from
literature outperform random projection in classifying the impairment
and noise class respectively. This gives evidence of an inductive bias
(“tendency”) of the DNNs to cluster different impairments.

Furthermore, we can see a clear difference in the noise classi-
fication accuracy when comparing the DNSMOS models from the
literature to the LibriAugmented trained ones. One reason for this
can be about the data: The DNS dataset consists of 600 noisy speech
clips processed by > 200 noise suppressors and 40 noise suppressors
for DNSMOS and DNSMOSp835 respectively. Our training dataset
consists of 22539 unique speech clips processed with one or two
impairments, which might increase the clustering of noises. Another
plausible explanation is that the DNS data used has been processed
by noise suppressors, and so could suppress the noises to a degree
where clustering of noises is exhibited to a smaller extent. The reason
herein is an interesting topic for future study.

Considering the trained models, it shows that DNSMOS+ is a
more suitable architecture than DNSMOS. One reason could be the
increased dimension of the latent space (64-dimensional vector for
DNSMOS to 128-dimensional vector for DNSMOS+). This poten-

tially increases the expressivity for DNSMOS+. Suitably applying
normalization and other changes makes DNSMOS+ have higher
quality prediction measures, and also higher classification accuracy.

We also notice that both ViSQOL and PESQ labels demonstrate
their suitability for being used as labels in the SQA task and the
classification task (the last two rows in Table [lI). However, ViSQOL
labels seem more suitable compared to PESQ labels, as the average
performance is higher with a lower standard deviation across runs
when using ViSQOL labels compared to PESQ labels. The reason
could be that ViSQOL(v3) is a better MOS emulator compared
to PESQ for the considered impairments and datasets, which is
consistent with the authors’ subjective opinions when listening to
the created dataset; ViSQOL is more aligned with our judgment
compared to PESQ.

In Fig. P a 2-component PCA visualization of the latent repre-
sentations from the LibriAugmented dataset using the DNSMOS+
model is presented. The labels correspond to the distortions applied
to the signals before processing. The plot reveals that speech sig-
nals with similar distortions tend to cluster together. Importantly,
this clustering is not driven by the quality labels, as the quality
distributions are roughly equal across different distortion classes.
Therefore, the model’s ability to cluster these distortions appears to
be an emergent behavior, rather than a consequence of any single
distortion consistently producing higher or lower quality signals.

IV. CONCLUSION

In this paper, we provided an experimental observation that impair-
ments are clustered in the latent space of DNN-based non-intrusive
speech quality models. These models are trained end-to-end to predict
only speech quality scores. Using DNSMOS from the literature, we
showed 30% top-1 noise accuracy and 60 — 75% top-1 impairment
accuracy. Using a regression-suitable DNSMOS Pro architecture and
training on a more diverse dataset, we achieved 54% top-1 noise
accuracy and 94% top-1 impairment accuracy. Important to note is
that the models were not trained for impairment classification - they
were only trained to predict quality. The results, together with the low
accuracy when using random linear projection, support the hypothesis
that DNN-based SQA models have inherent latent representations
where many types of impairments are clustered.
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