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Abstract
Speech quality assessment has been a critical issue in speech
processing for decades. Existing automatic evaluations usually
require clean references or parallel ground truth data, which is
infeasible when the amount of data soars. Subjective tests, on
the other hand, do not need any additional clean or parallel data
and correlates better to human perception. However, such a test
is expensive and time-consuming because crowd work is nec-
essary. It thus becomes highly desired to develop an automatic
evaluation approach that correlates well with human perception
while not requiring ground truth data. In this paper, we use self-
supervised pre-trained models for MOS prediction. We show
their representations can distinguish between clean and noisy
audios. Then, we fine-tune these pre-trained models followed
by simple linear layers in an end-to-end manner. The experi-
ment results showed that our framework outperforms the two
previous state-of-the-art models by a significant improvement
on Voice Conversion Challenge 2018 and achieves comparable
or superior performance on Voice Conversion Challenge 2016.
We also conducted an ablation study to further investigate how
each module benefits the task. The experiment results are im-
plemented and reproducible with publicly available toolkits1.
Index Terms: MOS prediction, speech quality assessment,
self-supervised learning

1. Introduction
Speech quality assessment is to evaluate the quality of audios,
and it has been an important part of speech processing to mea-
sure the performance of a system for decades. Several assess-
ment metrics were used to evaluate different aspects of au-
dio quality. In speech enhancement, perceptual evaluation of
speech quality [1] (PESQ) and short-time objective intelligibil-
ity [2] (STOI) are widely used to measure the noise reduction.
In speech syntheses such as text-to-speech and voice conver-
sion, mel cepstral distance [3] (MCD) is used to measure the
distortion of synthesized speech. These metrics require refer-
ence audio, which implies the need for clean, parallel data.

When reference audios are not available, the most com-
mon way to evaluate speech quality is the mean opinion score
(MOS). Each subject is asked to give the audios opinion scores,
integers ranging from 1 to 5, and the MOS is the mean score of
several subjects. A higher score indicates better quality and vice
versa. MOS correlates better to human perception compared
to automatic assessments above. However, such measurement
usually requires a great number of humans to involve, mak-
ing it time-consuming. Several machine-learning-based models
[4, 5, 6, 7, 8] were thus proposed for automatic speech quality
assessment. Lo et al. [9] verified the predictability of MOS with
statistical method [10] and proposed MOSNet for MOS pre-
diction. MBNet [11] further utilizes the judge identities in the
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training dataset for modeling the bias of subjects. The bias mod-
eling improves the correlation between the predicted and real
scores, enhancing the generalizability to unseen systems. How-
ever, these previous works only rely on scarce human-labeled
data, which could limit the performance.

Self-supervised learning enables the model to learn mean-
ingful representations from large-scale unlabeled data. CPC
[12] predicts the future representation in a contrastive learning
manner. Wav2vec2.0 [13] learns the representation by masking
the latent space. APC [14] autoregressively generates the in-
put feature in the next time step. TERA [15] reconstructs the
original complete input from a corrupted one. Self-supervised
learning has achieved remarkable performance in several tasks
including automatic speech recognition [16], speaker verifica-
tion [17], voice conversion [18], and so on. However, their
potential for speech quality assessment has not been explored
yet. This paper presents the first use of self-supervised rep-
resentations pre-trained on large-scale unlabeled data for auto-
matic MOS prediction. We first showed that self-supervised
pre-trained models can cluster audios in various types, and then
proposed a new framework in which the model is fine-tuned
with some simple yet effective modules. Our framework sur-
passes the two previous state-of-the-art models on Voice Con-
version Challenge (VCC) 2018 [19] while being at least compa-
rable on VCC 2016 [20]. We also conducted an ablation study
to see how each module affects performance.

2. Preliminary Analysis
Intuitively, if the representations from a self-supervised pre-
trained model are more discriminative between the high- and
low-quality audios than conventional features are, they are more
likely beneficial to MOS prediction. We thus first explore to
what extent these models can evaluate audio quality without
fine-tuning. Two datasets are involved in this paper: VCC 2016
and VCC 2018. In the challenge, participants submit the audios
generated by their voice conversion systems. Then, to evalu-
ate these systems, subjects were asked to score the synthesized
audios from different systems based on the audio quality. We
refer to the mean scores from all subjects of an utterance as
utterance-level score, and the average of utterance-level scores
of a system is called system-level score. In VCC 2016 dataset,
only the system-level MOS is available. VCC 2018 dataset, in
contrast, provides detailed scoring information, where the score
of each subject for each utterance is available. Following previ-
ous work [11], We divided VCC 2018 into training, validation,
and testing set with 13580, 3000, and 4000 utterances respec-
tively. For VCC 2016 dataset, since only the system-level MOS
score is available, we only used it in the testing stage.

We sampled synthetic data from the best and the worst sys-
tems as well as ground truth in VCC 2018. Additionally, we
also collected real-world noises from WHAM! [21] and music
from MUSAN [22]. Then we extracted their representations
with wav2vec 2.0 base [13] and projected them to 2D space us-
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Figure 1: A visualization of representations of different kinds of
audios extracted by wav2vec 2.0.

ing t-SNE [23]. Figure 1 illustrates the relationships among dif-
ferent kinds of audios. We can see that real clean speech (green)
clusters together, and audios from the best system (orange) are
mixed with them. On the other hand, audios from the worst
system do not cluster with clean speech (blue far away from
green), neither do noise (red) and music (purple). This suggests
wav2vec 2.0 can classify different kinds of audios. Synthetic
speech sounding more realistic tends to be closer to the cluster
of real speech, and vice versa.

We extended the analysis by canonical correlation analy-
sis [24] (CCA) on four pre-trained models: wav2vec 2.0 base,
TERA base, APC with 3-layer GRU, and CPC. CCA finds a lin-
ear transform mapping the representations to scores, and the lin-
ear correlation between these estimated scores and ground truth
is maximized. For each utterance, the model gives frame-level
representations, which then form the utterance-level one by tak-
ing the average over all frames. These utterance-level represen-
tations were then used for CCA. We performed CCA on VCC
2018 training set and then applied the found transform on VCC
2018 testing set and VCC 2016 to see whether the representa-
tions are general. As the baseline, we included two conventional
speech features in the analysis: MFCC and Mel-spectrogram.

Table 1 presents the linear correlation between estimated
scores and ground truths on VCC 2018 testing set and VCC
2016 using four different self-supervised pre-trained models.
We can see that the correlation on these representations is much
higher than the baseline, which implies they contain informa-
tion about audio quality. Also, when the found transform is
applied on VCC 2016, the correlation remains much high, sug-
gesting that these representations are general to evaluate audio
quality. With both qualitative and quantitative analysis, we can
know that it is useful and feasible to use self-supervised pre-
trained models for MOS prediction.

Table 1: The linear correlation coefficients between estimated
scores and ground truths. Estimated scores were obtained using
the linear transform found with CCA on VCC 2018 training set.

Model Utterance-level System-level
VCC 2018 VCC 2016 VCC 2018

wav2vec 2.0 0.734 0.966 0.99
TERA 0.727 0.943 0.987
APC 0.678 0.891 0.964
CPC 0.699 0.890 0.980
MFCC 0.183 0.196 0.326
Mel-spec. 0.215 0.487 0.618

3. Proposed Framework
In MOS test, an audio x is evaluated by K subjects giving a se-
quence of scores y1, y2, · · · , yK . These scores are averaged to
obtain a mean score, denoted as y. Our goal is to predict y from
x with a pre-trained model. Figure 2 explains our framework,
which consists of segmental embeddings [25, 26, 27, 28] of pre-
trained model (Sec. 3.1), attention pooling (Sec. 3.2), bias net-
work (Sec. 3.3), and range clipping (Sec. 3.4).

Self-supervised
Pre-trained Model

audio
segments

segment-level
representations

Embedding
Table

Judge ID

frame-level
representations

segment-level
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utterance-level
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Attention Pooling
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Figure 2: The proposed framework for MOS prediction.

3.1. Segmental embeddings

We start with a pre-trained self-supervised model denoted as
f(·). An audio of T sample points x = [x1, x2, · · · , xT ] is
first divided into several segments xseg ,

xseg = [x1,x2, · · · ,xN ], (1)
xi = [xi·S , xi·S+1, · · · , xi·S+`], (2)

where ` is the length of each segment and S is the stride. Then
the pre-trained model encodes these segments into a sequence
of representations,

f(xseg) = [H1,H2, · · · ,HN ], (3)
Hi = [hi1,hi2, · · · ,hiM ], (4)

where N is the number of segments and M is the length of
features of a segment. Here hij ∈ Rd is referred to as frame-
level representations, and d is their dimensionality.

3.2. Attention pooling

Attention mechanism [29] has gained much success in several
tasks. Here we use attention pooling [30] to obtain segment-
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level representation from a sequence of frame-level represen-
tations. For each segment, the attention module first encodes
frame-level representations into queries,

Qi = softmax(WHi), (5)

where Hi ∈ Rd×M , W ∈ R1×d, Qi ∈ R1×M . It then gives
the segment-level representation by

hi = HiQ
T
i . (6)

We then obtain the segment-level score w by g(·) : Rd → R,

wi = g(hi). (7)

Finally, the utterance-level score ŷ is determined by taking the
average of segment-level scores,

ŷ =
1

N

N∑
i=1

wi (8)

3.3. Bias network

Utilizing individual judge’s scores in training has been shown to
improve the performance [11]. Here we also adopt a bias net-
work to make use of them. A judge ID k is first transformed into
an embedding ek by a trainable embedding table. It is added to
frame-level representations hij to form judge-biased represen-
tations ĥij . Then, we obtain the bias of a judge δk from ĥij by
a bias network with similar process described in (5) - (8). We
can determine the score given by judge k by

ŷk = ŷ + δk. (9)

In the test stage, we use only the mean score and discarded the
bias network as was done in MBNet for better performance.

3.4. Range clipping

While the model is trained to fit the human scoring distributions,
the existence of outliers is inevitable. To reduce such distortion,
we can apply hyperbolic tangent function to ensure a fixed range
of segment-level score. In this way, (7) above becomes:

ŵi = 2 tanh g(hi) + 3. (10)

The range of ŵi is constrained between 1 and 5, and therefore
the model is always guaranteed to give reasonable scores. This
clipping is only applied in the mean score prediction but not the
bias ones because the bias is not necessarily a positive number.

3.5. Training objectives

During the training, we minimize utterance- and segment-level
mean squared error (MSE) for mean score. As for the biased
score for each judge, we minimize the MSE on utterance-level
only. The training objective is thus expressed as

L = (ŷ − y)2 + α

N

N∑
i=1

(wi − y)2 +
β

K

K∑
j=1

(ŷk − yk)2,

(11)

where α and β are hyperparameters balancing the losses.
Although Lo et al. [9] showed frame-level MSE loss miti-

gates the variance of predicted scores within an utterance, here
we resort to the segment-level MSE instead. We believe that it
is more reasonable to score segments of utterance but not every
frame, as the former one correlates better to human perception.

4. Experimental Settings
Following Section 2, we used four self-supervised pre-trained
models in the experiments: wav2vec 2.0, CPC, TERA, and
APC. These models were pre-trained with large-scale unlabeled
data such as LibriSpeech [31] and Libri-Light [32] and can be
accessed via publicly-available toolkits S3PRL [33].

For segmental embeddings, the duration (`) and stride (S)
are 1.0 and 0.5 seconds respectively. The raw representations
f(xseg) from the pre-trained model were projected to 256-dim
space for each frame. Then, the projection g(·) from segment-
level representations to scores was simply a linear layer. For the
bias network, we adopted similar architecture.

Two baseline models were included in the experiments for
comparison: MOSNet and MBNet. For MOSNet, we trained
the model with the official implementation2. As for MBNet, we
resorted to an unofficial implementation3 because the official
one is not available. These models were trained with hyperpa-
rameters from the original papers.

We fine-tuned pre-trained models for 20k steps in three
learning rates: 1e−4, 5e−5 and 1e − 5 with a warm-up in the
first 500 steps and linear decay in the remaining steps. For base-
line models, we followed the settings in the original papers. We
performed testing on the validation set every 250 steps, and the
checkpoint with the best system-level performance (in terms of
Spearman’s rank correlation coefficient) was then used for eval-
uation on the testing set.

5. Results
5.1. Quantitative results

We evaluated the performance on VCC 2016 and VCC 2018 test
set in three metrics: mean squared error (MSE), linear correla-
tion coefficient [34] (LCC), and Spearman’s rank correlation
coefficient [35] (SRCC). MSE measures the absolute difference
between predicted scores and ground truths, while the latter two
tell how correlated the predictions and ground truths are.

Table 2 lists the performances of the proposed framework
using different pre-trained models along with two baselines.
We compared our framework with the baselines in two sce-
narios: with and without bias network. In with scenario, our
framework is trained with the help of a bias network and com-
pared to MBNet, which also utilizes the individual judge scores.
In without scenario, we train the model without bias network
(β = 0 in (11)) and take MOSNet as the baseline, which simply
uses the mean score of each utterance. From Table 2a, we see in
utterance-level MOS, all pre-trained models outperformed the
baseline models in both LCC and SRCC significantly. In terms
of MSE, only wav2vec 2.0 in without scenario slightly fell be-
hind MOSNet. We can also observe that the models in with
scenario outperformed those in without scenario pairwisely,
though the bias network was not used in the testing.

On the other hand, Table 2b presents the system-level per-
formance for different models on VCC 2016 and VCC 2018
testing set. We see that the LCC and SRCC of all models in-
cluding baselines are higher than those in utterance-level, which
means system-level scores are more predictable than those in
utterance-level. In without scenario, all the pre-trained models
surpassed MOSNet in terms of LCC and SRCC on VCC 2016
and 2018, while wav2vec 2.0 and TERA fell behind MOSNet in
MSE. However, we believe that LCC and SRCC better evaluate

2https://github.com/lochenchou/MOSNet
3https://github.com/sky1456723/Pytorch-MBNet
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Table 2: The performances of our frameworks (trained with/without bias network) and baselines on VCC 2016 and VCC 2018 test set.

(a) utterance-level

Model VCC 2018
MSE LCC SRCC

with bias network
wav2vec 2.0 0.450 0.739 0.718
TERA 0.496 0.705 0.680
APC 0.425 0.685 0.659
CPC 0.408 0.698 0.668
MBNet 1.134 0.628 0.592

without bias network
wav2vec 2.0 0.496 0.722 0.698
TERA 0.426 0.692 0.661
APC 0.440 0.678 0.650
CPC 0.423 0.686 0.651
MOSNet 0.471 0.639 0.604

(b) system-level

Model VCC 2016 VCC 2018
MSE LCC SRCC MSE LCC SRCC

with bias network
wav2vec 2.0 0.483 0.964 0.893 0.083 0.981 0.968
TERA 0.655 0.940 0.916 0.090 0.987 0.972
APC 0.318 0.941 0.886 0.028 0.967 0.961
CPC 0.180 0.957 0.854 0.016 0.981 0.968
MBNet 0.106 0.945 0.878 0.771 0.982 0.980

without bias network
wav2vec 2.0 0.615 0.961 0.868 0.104 0.991 0.981
TERA 0.407 0.942 0.896 0.023 0.988 0.977
APC 0.238 0.938 0.887 0.046 0.971 0.949
CPC 0.170 0.955 0.844 0.016 0.983 0.960
MOSNet 0.336 0.901 0.850 0.054 0.960 0.918

Table 3: The system-level performance on VCC 2016 in with scenario when one of the modules is removed. The notation ”- X” means
module X is removed from the framework.

Model original - segmental embeddings - attention pooling - range clipping
MSE LCC SRCC MSE LCC SRCC MSE LCC SRCC MSE LCC SRCC

wav2vec 2.0 0.483 0.964 0.893 0.414 0.958 0.854 0.499 0.962 0.859 0.623 0.967 0.860
TERA 0.655 0.940 0.916 0.660 0.887 0.785 0.637 0.941 0.920 0.509 0.934 0.905
APC 0.318 0.941 0.886 0.373 0.944 0.902 0.306 0.938 0.890 0.364 0.926 0.866
CPC 0.180 0.957 0.854 0.208 0.940 0.824 0.188 0.958 0.866 0.243 0.948 0.848

the performance than MSE does. This is because MSE can-
not capture the positive/negative correlation between two sets
of samples but only reflects the absolute difference. As in with
scenario, MBNet achieved the best SRCC in VCC 2018 (even
better than it was reported in the original paper though trained
with less audios). However, when it comes to SRCC in VCC
2016, pre-trained models performed better except CPC. As for
LCC, we see all pre-trained models are at least comparable to
MBNet in both VCC 2016 and 2018, and wav2vec 2.0 even sur-
passed much (LCC = 0.964). Last, we can again find that with
scenario is superior to without scenario, suggesting that using
individual judge scores is an important key to achieving better
MOS prediction.

5.2. Ablation study

We then inspected how each module works by removing them
one at a time. In the case segmental embedding is not used, we
directly calculate the utterance score from frame-level repre-
sentations. Also, following the previous work [9], the segment-
level MSE in (11) becomes frame-level MSE, which enforces
all frames produce the same score. When attention pooling is
removed, a simple mean pooling is adopted for segment-level
scores. Last, without the presence of range clipping, the range
of w is no longer limited and therefore can be arbitrary real
number.

Table 3 lists system-level performances on VCC 2016 in
with scenario when each of the module is removed from our
framework. Due to the space limit, we do not present the re-
sults in without scenario, where a similar trend was observed.
We see as segment embedding is not used, the performance
dropped for almost all models, showing that segment is a better
unit for quality assessment than the frame is, as we mentioned
in Sec 3.5. Then, when attention pooling is replaced, there is

little change. This is probably because we adopted segment-
level MSE in the training objective, which enforces all seg-
ments in an utterance give similar or same scores and therefore
weaken the power of attention. Last, we can observe that with-
out range clipping, MSE and LCC worsened for almost all mod-
els. This means the clipping works well for stabilizing model
output within a reasonable range. Meanwhile, we also see that
SRCC was not affected much because SRCC only considers the
ranking order of two sets, not the exact values in them.

6. Conclusions

This paper presents the first use of self-supervised pre-trained
models for MOS prediction. We show that these models can
measure audio quality without fine-tuning in both qualitative
and quantitative aspects, and then propose a framework in
which the model is fine-tuned with simple yet effective mod-
ules. Our framework outperformed the previous works on
VCC 2018 and achieved comparable or superior performance
on VCC 2016. Experimental results showed that wav2vec 2.0
achieved the best or competitive performance in both utterance-
and system-level. We also conducted a thorough ablation study
to explore how each module in the framework works. The use
of segmental embeddings boosts the performance the most, con-
firming that it is more reasonable to score a segment of utterance
instead of every frame in the previous work.
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