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Abstract
The rapid advancements in text-to-speech (TTS) and voice con-
version (VC) technologies necessitate evaluating the quality of
synthesized speech. In this paper, we propose a novel net-
work, FUSE-MOS, which combines the learned latent repre-
sentations from raw audio waveforms and their corresponding
Log-Mel spectrograms, to estimate the posterior distribution of
Mean Opinion Score (MOS). Our method thus learns a broader
and more nuanced representation of the speech signal. At in-
ference, it predicts MOS value (point estimate) and also pro-
vides a measure of uncertainty of that prediction. By leveraging
the combined latent representation, FUSE-MOS achieves sig-
nificant improvements in performance metrics when compared
to other existing approaches on benchmark datasets. We also
explore an intelligent form of uncertainty filtering strategy to
filter out low-confidence (high-uncertainty) samples. It shows
FUSE-MOS’s capability to maintain strong performance even
with reduced data.
Index Terms: speech quality assessment, MOS prediction, un-
certainty estimation, whisper, mean opinion score.

1. Introduction
Evaluating the quality of synthesized speech is a major task
in the text-to-speech (TTS) synthesis and Voice Conversion
(VC) field. The most often used and conventional approach to
evaluate synthetic speech quality is the Mean Opinion Score
(MOS). Human listeners evaluate voice sample quality by us-
ing a five-point rating system where 1 and 5 represent ”bad”
and ”excellent,” respectively. This evaluation considers several
factors like vocal coherence, tone, pronunciation, naturalness,
and noise. This evaluation is time-consuming and resource-
intensive. Thus, there is a need for a robust deep learning-based
MOS evaluation model.

1.1. Related Work

With the advances in deep neural network(DNN) techniques,
many MOS prediction models have been developed to learn the
mapping between speech and its quality score. Early works
have moved away from techniques like Gaussian mixture mod-
els [1], support vector regression [2] to more advanced tech-
niques developed by AutoMOS[3] and QualityNet[4]. Au-
toMOS uses a long-short-time-memory (LSTM) network and
QualityNet uses a bi-directional LSTM(Bi-LSTM) network for
end-to-end training to predict Perceptual Evaluation of Speech
Quality (PESQ) [5]. MOSA-Net combined cross-domain fea-
tures like Mel-spectrogram using CNN/Bi-LSTM model and
self-supervised learning (SSL) features to improve MOS pre-
diction [6]. Recent studies include MOSNet uses a CNN-

BLSTM architecture and combines frame-level and utterance-
level loss functions to improve accuracy [7]. MOSNet over-
looks individual biases and this drawback is further improved
by MBNet[8] and LDNet[9] by conditioning the model on hu-
man listeners during training.

In recent years, the self-supervised learning (SSL) model
has gained attention as a MOS prediction model and has proven
very effective in generalizing to out-of-domain data[10]. DDOS
implements a domain-adaptive pre-training strategy to further
pre-train wav2vec 2.0 features to minimize domain mismatch
in SSL models [11]. The VoiceMOS Challenge 2022 [12]
paved the way to promote research on automatic MOS pre-
diction models. This challenge showed the effectiveness of
fine-tuning SSL models for the MOS prediction task. Winning
teams proposed ensemble techniques [13, 14] and multi-task
learning [15] strategy to enhance the MOS prediction perfor-
mance. Other works like [16] have demonstrated the success
of ensembling of seven different models including wav2vec 2.0
[17], LDNet[9], CNN-RNN based architecture and QuartzNet
[18]. Ravuri et al.[19] shown that uncertainty measures de-
rived from pre-trained SSL models like wav2vec [20] corre-
late with MOS scores and have been shown effective for zero-
shot settings. In VoiceMOS Challenge 2023, MOSA-Net+ uses
a multi-objective speech assessment system that fuses cross-
domain features to capture both subjective quality and intelli-
gibility scores[21]. DeePMOS addresses the inherent noise and
limited data in MOS training datasets and predicts the poste-
rior distribution of MOS [22]. DNSMOS Pro [23] introduces
a lightweight model built on a Gaussian likelihood framework
and predicts the posterior distribution of MOS.

Although previous studies have greatly improved automatic
MOS prediction, there are limited approaches that integrate
time-domain and frequency-domain features. Furthermore, few
methods provide uncertainty estimation strategies to enhance
model performance.

1.2. Contribution

To address existing gaps and leverage the strengths of cur-
rent research, we propose a novel fusion-based architecture that
learns from various acoustic representations and quantifies the
confidence of its predictions. We call our work FUSE-MOS.
It combines both raw waveform and frame-level spectrogram
features, to learn a broader and more nuanced representation of
speech. Unlike other approaches, our proposed model aims to
estimate the posterior distribution of MOS thus resulting in the
ability to estimate the confidence level of each prediction made
by the model. We also present an intelligent form of ”clean-
ing our data”, by eliminating low-confidence predictions from
the training set. In our experiment, as much as 10% of the
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Figure 1: FUSE-MOS architecture.

data was removed to investigate whether this reduced dataset
improves model performance. When the model was retrained
on the reduced dataset, we found that FUSE-MOS maintain ro-
bust performance even after discarding these data points. We
also introduce novel training features for MOS by utilizing the
pre-trained, large-scale, weakly supervised model (for speech
recognition) called Whisper [24].

2. Methodology
2.1. Framing the Problem

Building on the dataset creation framework from [8], consider a
MOS dataset D consisting of N speech samples. Each sample
xi is evaluated by a group of m random listeners {li1, . . . , lim},
providing a set of judge scores {j1i , . . . , jmi }. The average
score for each sample, its MOS value, is denoted as j̄i. It is
important to recognize that the same listener may rate multiple
samples within the dataset. The dataset D comprises M total
listeners, with M typically being much larger than m due to
budget constraints during data collection.

MOS prediction can be treated as a regression task, but
in this work, we introduce the use of a full regression archi-
tecture, also capable of providing the measure of uncertainty
for each prediction. Such an architecture is composed of three
components: (i) the feature extraction network, (ii) the re-
gressor network and (iii) a prediction layer which consists
of two branches, one predicting the mean output value and the
other, the standard deviation, which when passed through the
Softplus function (given by f(x) = ln(1 + ex)) converts it
to a probability distribution.

2.2. Network Architecture

2.2.1. The Feature Extraction Network

Our proposed feature extraction network is presented in the left-
most part of the FUSE-MOS1 architecture, as shown in Fig. 1.
It comprises a spectrogram branch(Fs) which uses the Whis-
per encoder [24] and a waveform branch(Fw) which relies on
raw waveform. Whisper encoder takes Log-Mel spectrogram
feature as an input which captures harmonic structure and over-
all frequency content of speech signals. We use the small-size
Whisper model to extract high-quality 768-dimensional audio
embeddings for MOS prediction. To use Whisper, the speech
signal is preprocessed by zero-padding it to the 30s duration to

1https://github.com/enjamamulhoq/FUSE-MOS

match the input dimension of the Whisper encoder Es. Dur-
ing training, the whisper encoder module is kept frozen. In
the waveform branch(Fw), we use the Fairseq2 wav2vec 2.0
base model which is pre-trained on LibriSpeech to extract la-
tent representations from the raw audio waveform that preserve
fine-grained temporal information. Mean-pooling is used on
wav2vec 2.0 to get 768-dimensional output embeddings. All
audio files were downsampled to 16kHz before passing through
the waveform branch.

2.2.2. The Regression Network

To explore the complementary nature of features extracted from
Log-Mel spectrograms and raw waveforms, as described in Sec-
tion 2.1, we employ the use of a deep neural network (DNN)
model as the regression function fθ . This model takes both Log-
Mel spectrogram features xs and raw waveform features xw as
inputs. The output of the DNN regression function fθ(xs, xw)
is a posterior distribution pϕ(y | x), where y represents the
MOS, x is the set of extracted speech features, and ϕ are the
parameters of this distribution.

Assuming that the posterior follows a Gaussian distribution,
it can be fully described by its mean µ(x) and variance σ2(x).
Therefore, the regression function fθ outputs the parameters of
this distribution as follows: pϕ(y | x) = N (y;µ(x), σ2(x)),
where ϕ(x) = {µ(x), σ2(x)} = fθ(xs, xw).

Our goal is to learn a mapping from the extracted features
(xs, xw) to the mean and variance of the MOS distribution. By
utilizing this mapping, we can determine the uncertainty associ-
ated with our model’s predictions. Since our target distributions
are Gaussian, estimating the distribution for each target variable
enables us to generate confidence values for the MOS. Achiev-
ing these mapping results ensures that the model provides not
only accurate predictions but also reliable measures of uncer-
tainty.

We then perform channel-wise concatenation of the outputs
from the spectrogram branch and waveform branch each pro-
ducing 768- dimensional vector (mean-pooled over time) and
feed the concatenated output through two fully connected lay-
ers to predict the mean µx. To get the standard deviation σx, the
concatenated output is passed through another set of two fully
connected layers and a Softplus function to generate a valid
probability distribution.

2https://github.com/pytorch/fairseq
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Table 1: Comparison of FUSE-MOS with other methods using VCC2018 and BVCC datasets. The best values are in boldface.

VCC2018 BVCC
Model Utterance level System level Utterance level System level

MSE↓ LCC↑ SRCC↑ MSE↓ LCC↑ SRCC↑ MSE↓ LCC↑ SRCC↑ MSE↓ LCC↑ SRCC↑
Other’s Models:
MOSNet[25][26] 0.538 0.642 0.589 0.084 0.957 0.888 - - - - - -

MBNet[8] 0.426 0.680 0.647 0.029 0.977 0.949 - - - - - -

LDNet[9] 0.479 0.648 0.613 0.021 0.983 0.979 0.333 0.795 0.794 0.169 0.885 0.886

SSL-MOS[10] 0.453 0.724 0.695 0.065 0.992 0.965 0.212 0.884 0.882 0.139 0.941 0.941

UTMOS [13] - - - - - - 0.165 0.899 0.896 0.090 0.936 0.936

DeePMOS[22] 0.497 0.662 0.628 0.055 0.981 0.963 0.361 0.782 0.774 0.187 0.872 0.866

DNSMOS Pro[23] 0.441 0.677 0.641 - - - 0.338 0.787 0.783 - - -

Our Models:
SSL-MOS+NLL 0.389 0.723 0.693 0.017 0.986 0.930 0.212 0.879 0.875 0.122 0.945 0.941

LDNet+SSL-MOS 0.450 0.661 0.621 0.028 0.989 0.969 0.328 0.788 0.785 0.188 0.863 0.862

LDNet+SSL-MOS+NLL 0.440 0.673 0.636 0.022 0.988 0.983 0.429 0.764 0.770 0.273 0.850 0.856

FUSE-MOS (with NLL) 0.386 0.729 0.698 0.019 0.993 0.963 0.191 0.887 0.887 0.086 0.946 0.947

2.3. Model Training and Inference

This DNN is trained to output the parameters of the Gaussian
distribution that best describes the MOS for each speech sam-
ple, using a negative log-likelihood(NLL) loss function based
on the principles of maximum likelihood estimation (MLE).
We optimize this loss function to observe MOS values under
the predicted distribution. Specifically, for each speech sample
xi with its corresponding MOS score yi, the DNN predicts the
mean µ(xi) and standard deviation σ(xi). Given the assump-
tion that the MOS scores follow a Gaussian distribution, the
likelihood of observing yi is:

L = −
N∑
i=1

log

(
1√

2πσ2
xi

exp

(
− (yi − µxi)

2

2σ2
xi

))
(1)

Simplifying, this loss function can be rewritten as:

L = argmin
θ

1

2

N∑
i=1

[
(yi − µxi)

2

σ2
xi

+ log(2π) + 2 log(σxi)

]
(2)

By training the DNN using this loss function, the model
effectively learns a mapping from the input speech features x to
the MOS distribution parameters ϕ(x) = {µ(x), σ2(x)}.

At inference, for a given input speech signal’s waveform
feature xwi and its corresponding Log-Mel spectrogram feature
xsi , our model predicts the Gaussian parameters of MOS yi
which are the mean µ(xi) and standard deviation σ(xi);
µ(xi) represents the best single point estimate for the MOS and
σ(xi) is the uncertainty associated with predicting µ(xi).

3. Experimental Settings
3.1. Datasets

We used the VCC2018 [27], BVCC [28], and SOMOS-clean
[29] datasets in our experiments. They contain audio samples
generated by various text-to-speech (TTS) systems, where each
sample was rated by different listeners on a 5-point scoring
scale. We followed predefined training/validation/testing splits

Table 2: Comparison on the SOMOS dataset

Utterance level System level

Model MSE↓ LCC↑ SRCC↑ KTAU↑ MSE↓ LCC↑ SRCC↑ KTAU↑

DeePMOS[22] 0.267 0.504 0.475 – 0.060 0.805 0.791 –
DNSMOS Pro[23] 0.429 0.484 0.462 – – – – –
Content-Aware SSL[33] 0.203 0.687 0.681 0.493 0.052 0.911 0.917 0.741
Content-Aware SSL (BERT)[33] 0.179 0.668 0.659 0.475 0.021 0.906 0.913 0.736
FUSE-MOS (ours) 0.175 0.686 0.676 0.490 0.020 0.907 0.910 0.732

of 13580/3000/4000 for VCC2018, 4974/1066/1066 for BVCC,
and 14100/3000/3000 for SOMOS.

3.2. Training Details and Evaluation Metrics

We trained FUSE-MOS and baseline models across VCC2018,
BVCC, and SOMOS datasets. The training was carried out on
an NVIDIA GeForce RTX 3090 24GB RAM GPU. The models
were trained for 1000 epochs with early stopping criteria. Each
training roughly takes 6 hours. The batch size was set to 4 for
training and 2 for validation, and the optimizer used was SGD
with a learning rate of 0.0001 and a momentum of 0.9.

We used standard performance evaluation metrics, mean-
squared-error (MSE), linear-correlation-coefficient (LCC)[30],
and Spearman’s rank-correlation-coefficient (SRCC)[31], and
Kendall Tau Rank Correlation Coefficient (KTAU) [32] to as-
sess our models at the utterance and system levels.

4. Tests, Results and Discussion
4.1. Quantitative Analysis

We present the results of comparing our proposed model
with various state-of-the-art (SOTA) models in Table 1, us-
ing the VCC2018 and BVCC datasets at both the utter-
ance and system levels. We reproduced the baseline mod-
els SSL-MOS (VCC2018, BVCC), DNSMOS Pro(SOMOS)
and DeePMOS (BVCC, SOMOS) in our environment and
obtained the LDNet, MBNet,MOSNet, UTMOS and DNS-
MOS Pro(BVCC,VCC2018) results as reported in their respec-
tive papers. We used the official implementations for SSL-
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Table 3: Ablation study results showing the impact of individ-
ual components on model performance for the BVCC dataset at
utterance and system levels.

Utterance System
Model MSE↓ LCC↑ SRCC↑ MSE↓ LCC↑ SRCC↑
FUSE-MOS 0.199 0.883 0.882 0.088 0.940 0.942
FUSE-MOS (uncertainty filtering) 0.214 0.871 0.871 0.108 0.934 0.936
only wav2vec2-branch 0.241 0.875 0.874 0.163 0.936 0.934
only wav2vec2-branch+NLL 0.266 0.872 0.872 0.200 0.935 0.936
only Whisper-branch 0.297 0.814 0.815 0.123 0.892 0.891
only Whisper-branch+NLL 0.298 0.814 0.815 0.128 0.892 0.890

MOS3, DeePMOS4, DNSMOS Pro 5 and LDNet6 mean listener
setup for our experiments. We provide the best score of our
FUSE-MOS (with NLL) model and observe that it achieves
stronger or comparable performance across key metrics. On
the VCC2018 dataset, When compared against a similar fusion
strategy (LDNet+SSL-MOS+NLL) and other baselines, FUSE-
MOS outperforms them at the utterance level while retaining
competitive correlations at the system level. On BVCC dataset,
FUSE-MOS shows highly competitive performance when com-
pared with UTMOS. While, UTMOS does a slightly better job
at tracking individual utterance ratings, FUSE-MOS is more
consistent at ranking entire systems. Table 2 presents the re-
sults of evaluating our proposed model using the most re-
cent TTS-based dataset, SOMOS. We show that our proposed
FUSE-MOS architecture consistently outperforms DeepMOS
and DNSMOS Pro by a significant margin while matching or
exceeding Content-Aware SSL model in key aspects. Content-
Aware SSL shows strong results, particularly in system-level
LCC and SRCC. It indicates that both models capture MOS
trends effectively. These results show great generalizing capa-
bility and robustness of our FUSE-MOS model across several
datasets.

(a) (b)

(c) (d)

Figure 2: Visualizations on the VCC2018 test dataset: (a)
Utterance-Level Histogram Plot; (b)Histogram showing the
standard deviation predictions from the posteriors against the
prior standard deviation 0.888; (c) Predicted MOS with Uncer-
tainty; (d) Uncertainty Scatter Plot.

3https://github.com/nii-yamagishilab/
mos-finetune-ssl

4https://github.com/Hope-Liang/DeePMOS
5https://github.com/fcumlin/DNSMOSPro
6https://github.com/unilight/LDNet

4.2. Qualitative Analysis

From Fig. 2a, we observe that the shape of the distribution of
predicted MOS values very closely follows that of the true (or
human-annotated) MOS values, thus validating the predicted
scores to some degree. Because the true MOS values were in-
tegers 1, 2 . . . , 5 and the predicted MOS, from the regression
model, were continuous values between [1, 5], the resulting dis-
tributions could not perfectly align, but their shapes were simi-
lar. Fig. 2b shows that FUSE-MOS produces a wider standard
deviation range yet outperforms DNSMOS Pro in MSE and cor-
relation metrics. It suggests that FUSE-MOS’s posterior distri-
bution is more accurately calibrated, providing reliable MOS
predictions. Fig. 2c shows the true and predicted MOS val-
ues, along with the estimated uncertainty bars, for 40 randomly
selected samples. The plot suggests that when the true MOS
score is greater than about 3.25, the true and predicted values
are likely to be closer to each other and the uncertainty bars
are smaller. In some instances, there is complete overlap (e.g.
Samples #17, 18, 39). Lastly, Fig. 2d shows how uncertainties
behave with increasing true and predicted values. We observe
again, as before, that as the true MOS values go above 3.5, the
volume of uncertainty reduces.

4.3. Ablation Studies

Table 3 reports a BVCC ablation study in which we systemati-
cally removed or added parts of FUSE-MOS. We trained the full
FUSE-MOS, then wav2vec 2.0-only and Whisper-only variants,
and finally added an NLL uncertainty loss to each single-branch
model. In all cases, training was performed five times with dif-
ferent random seeds and we averaged the scores for each metric
to account for performance variations. While each branch alone
provides reasonable performance, Wav2Vec 2.0 branch con-
tribute most to the FUSE-MOS model’s overall performance.
These experiments reinforce the effectiveness of FUSE-MOS
as a fusion-based approach. Lastly, across five training runs, we
filtered out around 10% of audio samples with high σ and re-
trained FUSE-MOS with only the ’good’ samples. Although,
performance didn’t directly improve but it demonstrates our
posterior-based system can handle some data reduction without
significant loss.

5. Conclusion
In summary, we introduce a novel MOS prediction model that
uses wav2vec 2.0 and Whisper encoder to extract latent rep-
resentations from the raw waveform and log Mel-spectrogram
inputs. By fusing the learned representations, it estimates both
the mean and standard deviation of MOS scores. It sets SOTA
results on VCC2018 and BVCC at utterance and system lev-
els. It also gives a competitive performance on the newer SO-
MOS dataset, showing its potential for evaluating any neural
TTS system. Our results show the potential of fusing cross-
domain features (frequency and time-domain representations)
alongside statistical uncertainty measures to improve automated
MOS prediction.
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