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Abstract
Non-intrusive speech quality assessment has been a crucial
task for speech processing. In recent years, methods based on
deep neural network have achieved the start-of-the-art perfor-
mance for non-intrusive speech quality assessment. However,
the scarcity of annotated data is usually the main challenge
for training robust speech quality assessment networks. In this
paper, we proposed an impairment representation learning ap-
proach to pre-train the network on a large amount of simulated
data without MOS annotation. Then we further fine-tune the
pre-trained model for the MOS prediction task on annotated
data. The experimental results show that the proposed pre-
training methods can significantly improve the performance for
speech quality assessment, especially when the annotated train-
ing data is limited. Besides, the proposed method significantly
outperforms the baseline system of ConferencingSpeech 2022
Challenge.
Index Terms: MOS prediction, speech quality assessment,
contrastive learning

1. Introduction
Speech quality assessment aims to evaluate the quality of
speech signal and is a fundamental component for monitoring
speech quality and improving user experience for teleconfer-
encing systems. The source of perceptual speech quality impair-
ments may be originated from many aspects, including assorted
types of background noise, room reverberation, device col-
oration, audio compression and network packet loss. Conven-
tional objective metrics such as Perceptual Evaluation of Speech
Quality (PESQ) [1], Perceptual Objective Listening Quality
Analysis (POLQA) [2] and Short-Time Objective Intelligibility
(STOI) [3] are widely used to evaluate the speech quality and
intelligibility. These intrusive metrics require reference clean
speech to estimate the perceptual speech degradation of the in-
put speech signals. Mean Opinion Score (MOS) is the most
popular subjective metrics, which is guided by the Telecommu-
nication Standardization Sector of the International Telecom-
munication Union (ITU-T) Recommendation P.800 [4].

In recent years, methods based on deep neural networks
have been proposed for non-intrusive speech quality assess-
ment. In [5,6], neural networks were proposed to predict objec-
tive scores like PESQ. Although they can yield high correlation
to PESQ by training the models with a large amount of simu-
lated data, the predicted PESQ can not truly reflect subjective
speech quality. In [7–9], systems were proposed to estimate the
subjective MOS. However, most of the previous methods pre-
dicted MOS by directly learning a mapping between impaired
speech signals and annotated scores where the performance of
the systems largely depended on the amount of annotated data.

To overcome such limitation, pre-training on a large amount
of data without annotation was utilized to improve the perfor-
mance of non-intrusive MOS prediction. In [10], pre-trained
models with unsupervised or self-supervised learning such as
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Figure 1: The proposed impairment representation learning.

wav2vec [11, 12] and Autoregressive Predictive Coding (APC)
[13] were used to extract speech representations and then fine-
tuned for MOS prediction. [14] also demonstrated the effective-
ness of wav2vec models for generalization ability of MOS pre-
diction. Both of these works indicated the pre-trained models
with phonemic or more general speech representations can im-
prove the MOS prediction performance for synthetic speech.
However, these pre-trained models are less correlated to the im-
pairment of speech, which is the main factor of speech quality
degradation for teleconferencing systems. In [15], autoencoder
is used for unsupervised feature learning on speech signals cor-
rupted by different kinds of noises and speech enhancement
methods. In [16], a two-step training method was proposed for
MOS prediction of conferencing system, in which impairment
classification and unsupervised deep clustering are used for the
representation learning. However the representation learning
by unsupervised training methods or classification for a few im-
pairment categories can not extract discriminative representa-
tions for various kinds of impairments.

Since the degrees of impairment are highly correlated with
the speech quality, we propose an impairment representation
pre-training on a large amount of simulated data for non-
intrusive MOS prediction. To learn a discriminative represen-
tation for various kinds of impairments, we exploit the detailed
impairment information using supervised contrastive represen-
tation learning. Similar strategy has been employed in [17] to
measure perceptual audio similarity for intrusive audio quality
assessment. To further increase the correlation between learned
representations and speech quality, we apply a multi-task learn-
ing mechanism achieved by predicting objective speech quality
metrics. The pre-trained model with impairment representation
is further fine-tuned for the MOS prediction task on the dataset
with annotated MOS scores. Various sizes of MOS datasets are
used to evaluate the relative contributions of the different pre-
training stages. Self-teaching training [7] and model fusion are
also applied to improve performance of the proposed system.
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Figure 2: The proposed two-stage system with pre-training for
impairment representation learning and fine-tuning for MOS
prediction.

2. System Overview
Figure 1 illustrates the proposed impairment representation
learning. Based on clean speech and impairments, speech with
different impairments is generated. The impairments include
various types of background noise, room reverberation, device
coloration and audio compression. The impaired speech is then
fed into neural network to extract corresponding embeddings.
To extract impairment related representation, the speech with
same impairments are pulled together and the speech with dif-
ferent impairments are pushed apart in embedding space.

As shown in Figure 2, the proposed two-stage speech qual-
ity assessment system consists of a pre-training stage for im-
pairment representation learning and a fine-tuning stage for
MOS prediction. During the pre-training stage, in addition to
the impairment representation learning in the embedding space
in Figure 1, we also propose a multi-task learning mechanism
to increase the correlation between learned impairment repre-
sentations and speech quality by predicting objective speech
quality scores including PESQ and STOI. After learning an im-
pairment representation on a large simulated dataset, we further
fine-tune the network on a much smaller dataset with annotated
MOS scores by adding a dense layer on top of the learned rep-
resentations for MOS prediction. Log Mel spectrogram with 80
bins is extracted from speech signal with 16KHz sampling rate
and used as input feature for pre-training and fine-tuning.

3. Impairment Representation Learning
3.1. Model Structure

The proposed neural network for impairment representation
learning consists of six 2D Gated Convolution (GConv2D)
blocks, three Bidirectional GRU (BiGRU) layers, one Dense
layer for representation embedding extraction and one Dense
layer for speech quality prediction. GConv2D has demonstrated
its effectiveness in speech enhancement and audio classification
tasks [18, 19]. As shown in Figure 3, in addition to the 2D con-
volutional (Conv2D) layer followed by a batch norm (BN) layer
and dropout in the upper branch, GConv2D introduces an atten-
tion mechanism with Conv2D and sigmoid activation layer in
the bottom branch. This attention mechanism makes the neu-
ral network focus on the important features and ignore the un-
related features for the representation feature learning. Bi-
GRU [20] layers are used to extract context information from
the output of GConv2D blocks. The first and the second Bi-
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Figure 3: The structure of GConv2D block.

Table 1: Hyper-parameters of the proposed neural network.

Layer CNN RNN FC
Channel Kernel Stride Units Units

GConv2d1st 16 (3, 3) (1, 1)
GConv2d2nd 32 (3, 3) (1, 2)
GConv2d3rd 64 (3, 5) (1, 2)
GConv2d4th 128 (3, 7) (1, 3)
GConv2d5th 256 (3, 3) (1, 1)
GConv2d6th 512 (3, 1) (1, 1)
BiGRU1st 128
BiGRU2nd 96
BiGRU3rd 64
Dense1st 96
Dense2nd P

GRU layers return the frame sequences and the third BiGRU
layer returns the features of the last frame. All of the three Bi-
GRU layers are followed by Dropout layers.

The first Dense layer with ReLU activation is utilized to
extract the impairment representation with 96 dimensions. The
second Dense layer with sigmoid activation is the output layer
for PESQ and STOI prediction in the pre-training stage and
MOS prediction in the fine-tuning stage. For PESQ and MOS
prediction, a re-scaling operation is added. The dropout rates in
the network are all set to 0.2. Details of the hyper-parameters
are listed in Table 1, where P equals to 2 in pre-training stage
and 1 in fine-tuning stage.

3.2. Pre-training Objective

Contrastive loss is used for the impairment representation learn-
ing. The main idea of contrastive representation learning is to
pull an anchor sample and a ‘positive’ sample together in the
embedding space, while pushing the anchor sample and ‘neg-
ative’ sample apart in the embedding space. In this work, we
used contrastive loss to pull audio embeddings with same im-
pairments together and push audio embeddings with different
impairments apart.

Pairs of utterances are generated for pre-training. For the n-
th pair, we randomly select two clean speech (S1

n, S2
n) and two

types of impairments (I1n, I2n). Then we generate four impaired
speech utterances (S1

nI
1
n, S1

nI
2
n, S2

nI
1
n, S2

nI
2
n). The ‘positive’

distance of embeddings with the same impairments but different
speech in n-th pair is calculated as:

xn =
1

2
(||Fθ(S

1
nI

1
n)− Fθ(S

2
nI

1
n)||2+

||Fθ(S
1
nI

2
n)− Fθ(S

2
nI

2
n)||2)

(1)

where Fθ() is the model to extract the speech embeddings, θ
is the parameters of model. The ‘negative’ distance of embed-
dings with different impairments but the same speech is calcu-
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lated as:

x′
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1
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2
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2
n)||2)

(2)

For N pairs of training data, the contrastive loss for impairment
representation learning is calculated as:

Lemb = Y ∗X + (1− Y ) ∗maximum(1−X, 0) (3)

where X = [x1, ..., xN , x′
1, ..., x

′
N ] is a 2N dimensional vec-

tor with N ‘positive’ distances and N ‘negative’ distances in the
embedding space, Y = [1, ..., 1, 0, ..., 0] is a 2N dimensional
vector with the first N elements equal to 1 for ‘positive’ dis-
tances and the second N elements equal to 0 for ‘negative’ dis-
tances. To further increase the correlation between the learned
representations and speech quality, multi-task learning is ap-
plied during pre-training by predicting objective speech quality
metrics based on the learned representations. Since we have
both impaired speech and clean speech when simulating the
pre-training dataset, intrusive objective speech quality metrics
can be calculated. Based on the learned representations, we add
one dense layer to predict wideband PESQ1 and STOI2. Mean
Square Error (MSE) is used to calculate the loss function Lpesq

and Lstoi for the PESQ and STOI predictions. Combining the
contrastive learning loss and objective speech quality prediction
loss, the overall loss for pre-training is calculated as:

Lall = Lemb + Lpesq + Lstoi (4)

4. MOS Prediction
After the impairment representation is trained on a large simu-
lated dataset, we employ the impairment representation weights
to initialize the model and add a dense layer for MOS predic-
tion. The network is then fine-tuned on the MOS annotated
dataset with the MSE loss:

LMOS = MSE(M,M ′) (5)

where M is the annotated MOS, M ′ is the predicted MOS.
Moreover, to eliminate the inherent noise in human rating, self-
teaching training approach proposed in [7] is utilized. After
getting the MOS network for the first time, the predicted MOS
can be obtained for the whole training dataset. The network is
trained again by combining the annotated MOS and predicted
MOS by the first trained model, the new loss is calculated as:

LMOS = MSE(0.5 ∗M + 0.5 ∗ r1,M ′) (6)

where r1 is the predicted MOS by the first trained model.
Model fusion can significantly improve the performance of

image and video quality assessment systems [21, 22]. In this
paper, to improve the generalization ability of proposed system,
a simple linear fusion method is applied to fuse the results of
systems with different configurations. The final output of fusion
system is calculated as:

M ′
fusion =

J∑

j

αj ∗M ′
j (7)

where J is the number of MOS prediction systems, M ′
j is the

output of j-th system, αj is the fusion weight of j-th system.
In this paper we use average fusion with αj = 1

J
according

to our preliminary results. Detailed information regarding the
candidate models can be found in Section 5.4 and Table 3.

1https://github.com/ludlows/python-pesq
2https://github.com/mpariente/pystoi

5. Experiments
5.1. Dataset and Setup

Pre-training dataset: Clean speech datasets from LibriSpeech
[23] and ST Mandarin [24], 10K stationary and non-stationary
noise files from noise dataset of the ICASSP2022 DNS Chal-
lenge [25] are used for generating pre-training dataset. Four
categories of impairments are simulated, including background
noises, room reverberation, device coloration and audio com-
pression. The noise impairments are applied with six kinds of
SNRs [-6dB, 0dB, 6dB, 12dB, 18dB, 24dB]. Different noise
files or different SNRs are considered as different impairment
types, so there are 60K of noise impairment types in total. Four
types of reverberation impairments are applied with simulated
RIR files with RT60 in [0.3s, 0.6s, 0.9s, 1.2s]. Eight types of
device coloration impairments are applied by High-Pass Fil-
ter (HPF) and Low-Pass Filter (LPF) with cut-off frequencies
in [HPF: 300Hz, 1000Hz, 2000Hz and 3000Hz; LPF: 1000Hz,
2400Hz, 3600Hz and 6000Hz]. Four types of audio compres-
sion impairments are applied by Opus codec [26] with bit rates
in [3kbps, 6kbps, 12kbps, 24kbps]. For each pair of data for
representation learning, two impairment types are randomly se-
lected from the four categories of [noises, reverberation, col-
oration, compression] with ratio [0.5, 0.2, 0.15, 0.15]. 200 thou-
sand pairs are generated and each pair consist of four impaired
utterances with 8 seconds long. So there are 800 thousand ut-
terances with about 1800 hours in total for pre-training.
Fine-tuning dataset: The pre-trained model is further fine-
tuned for MOS prediction on the datasets provided by the Con-
ferencingSpeech 2022 Challenge [27]. There are three datasets
we used: Tencent Corpus, PSTN Corpus and NISQA Cor-
pus. Tencent Corpus contains 11563 speech utterances with
reverberation and without reverberation. PSTN Corpus con-
tains 58709 utterances sampled from automated phone calls.
NISQA Corpus contains 14432 utterances with simulated and
live conditions. Various categories of impairments are intro-
duced by these utterances including reverberation, background
noises, codec, clipping, packet-loss, jitter and so on. In our
experiments, 1000 utterances of Tencent Corpus and 1000 ut-
terances of PSTN Corpus are randomly selected for testing, and
the rest of audio utterances including about 53K Tencent ut-
terances (five times repeating of the original utterances), 58K
PSTN utterances and 14K NISQA utterances are used for train-
ing and validation with a ratio of 9.5 : 0.5. All of the utterances
are resampled to 16KHz audio.
Setup: After STFT with a frame size of 512 and hop size of
256, 80 dimensional Mel frequency bands are used to extract
log power Mel spectrogram feature for pre-training and fine-
tuning. The Adam optimizer is employed for model training.
The initial learning rate is set to 0.001. It will decay by a factor
of 0.5 when the validation loss does not decrease for 5 epochs.

5.2. Pre-training Evaluation

We first evaluate the pre-training systems with different size of
annotated data for fine-tuning. Four MOS prediction systems
with different Pre-Training (PT) methods are evaluated in Table
2. ‘None’ is the baseline system without pre-training. ‘ICC’ is
the baseline pre-training method of Impairment Category Clas-
sification (ICC) as proposed in [16], a dense layer is added
on the top of embedding layer to classify 4 impairment cate-
gories (noise, reverberation, device coloration and audio com-
pression). ‘CL’ is the proposed pre-training method of Con-
trastive Learning (CL) as shown in Equation (3). ‘CL+OSQP’
is the proposed pre-training method with contrastive learning
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Table 2: RMSE of MOS prediction for different pre-training
methods and different size of annotated fine-tuning dataset.

PT-Method FT-Size Tencent PSTN All

None 0.914 0.731 0.822
ICC 1K 0.664 0.680 0.672
CL 0.614 0.644 0.629
CL+OSQP 0.475 0.581 0.528

None 0.517 0.637 0.577
ICC 5K 0.526 0.614 0.570
CL 0.466 0.610 0.538
CL+OSQP 0.392 0.557 0.474

None 0.341 0.519 0.430
ICC 120K 0.360 0.514 0.437
CL 0.334 0.514 0.424
CL+OSQP 0.317 0.512 0.414

ICC CL CL+OSQP

Figure 4: A visualization of learned representations for different
pre-training methods.

and Objective Speech Quality Prediction (OSQP) as shown in
Equation (4). Three sizes of Fine-Tuning (FT) dataset are in-
vestigated, including 1K utterances, 5K utterances and 120K
utterances of the whole MOS annotated training dataset. Root
Mean Square Error (RMSE) is used for evaluation.

As shown in Table 2, systems with pre-training signifi-
cantly outperform the baseline system without pre-training on
the small annotated dataset of 1K utterances. As the size of
fine-tuning dataset increased to 5K and 120K, the proposed
pre-training methods CL and CL+OSQP are still effective for
improving the MOS prediction performance, while the results
of the baseline pre-training method ICC is similar to the re-
sults of the system without pre-training. This indicates that
pre-training with more discriminative impairment representa-
tion learning is better for MOS prediction. Besides, by adding
objective speech quality metrics, CL+OSQP outperforms CL in
all conditions, indicating that OSQP can increase the correla-
tion between learned representation and subjective speech qual-
ity. It is worth noting that the proposed pre-training method
CL+OSQP with 1K annotated data achieves better performance
than the system directly trained on 5K annotated data, which
means that the proposed method can largely reduce the amount
of annotated data required for MOS prediction task.

5.3. Representation Analysis
To study the performance of the learned impairment represen-
tations, we extract the representations by the pre-trained mod-
els for 1600 impaired speech utterances and project them to
2D space using t-SNE [28]. The impaired speech for visual-
ization consist of 10 types of impairments, including different
settings of background noise, reverberation, device coloration
and speech codec.

As shown in Figure 4, the pre-training system with ICC
can not discriminate detailed impairment types such as noise
impairment with different SNRs or different noise types. The

Table 3: RMSE of MOS prediction with self-teaching loss and
model fusion.

PT-Method FT-Size DP ST Tencent PSTN All

CL+OSQP 120K 10s-z 0 0.317 0.512 0.414
CL+OSQP 120K 10s-z 1 0.309 0.509 0.409
CL+OSQP 120K 16s-r 0 0.326 0.518 0.422
CL+OSQP 120K 16s-r 1 0.324 0.512 0.418

Fusion 0.293 0.503 0.398

Table 4: Results on ConferencingSpeech 2022 challenge.

System PLCC RMSE RMSE-Map

Baseline1 0.530 0.768 0.497
Fusion 0.778 0.460 0.337

proposed pre-training methods (CL and CL+OSQP) can extract
discriminative representations as the representations of different
impairments are well separated. Different impairments usually
indicate different speech qualities. For example, speech with
10dB SNR has higher quality than the speech with 0dB SNR,
speech with noise in less perceptual important frequency region
(eg. 100Hz) has higher quality than speech with noise in per-
ceptual important frequency region (eg. 2000Hz). Since the
pre-trained models can extract discriminative representations
for different impairments, fine-tuning based on these models
can improve the performance of speech quality prediction.

5.4. Self-teaching and Model Fusion

We further evaluate the performance of MOS prediction with
Self-Teaching (ST) as shown in Equation (6) and model fusion
as shown in Equation (7) on the whole fine-tuning dataset in
Table 3. Two Data Processing (DP) setups are used in the ex-
periments. In ‘10s-z’, all speech utterances are cut to 10s, and
speech utterances less than 10s are padded to 10s with zero sam-
ples. In ‘16s-r’, all speech utterances are cut to 16s, and speech
utterances less than 16 are padded to 16s by repeating them-
selves. Note that all the systems in Table 2 are using 10s-z
without ST. As shown in Table 3, self-teaching method can fur-
ther improve the MOS prediction performance. Moreover, by
averaging the outputs of the four systems with different data
processing and training loss configurations, the final fusion sys-
tem achieves the best performance.

The proposed system has ranked the 2nd place in Confer-
encingSpeech 2022 Challenge and significantly outperforms the
Baseline1 system (a simplified version of the model in [9] )
on Pearson Linear Correlation Coefficient (PLCC), RMSE and
RMSE-Map (RMSE after 3rd mapping over evaluation dataset)
as shown in Table 4. The proposed method has 3M parameters
for single model and 12M parameters for fusion system. We
evaluate real time factor (RTF) of proposed system using a pri-
vately modified version of TFLite 2.3 on Intel Core i7 (2.6 GHz)
CPU (single-threaded). The RTF is 0.07 for the fusion system.

6. Conclusions
In this paper, we propose an impairment representation learn-
ing method based on contrastive learning and subjective speech
quality prediction. The experimental results show that with
large amount of simulated impaired speech, the proposed
method can significantly improve the performance of MOS pre-
diction, especially when the annotated data is limited. In the
future, we would like to further explore the generalization abil-
ity of proposed method on different datasets.
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