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Abstract
The Mean Opinion Score (MOS) is widely used to assess speech
synthesis quality, but requires costly human evaluation. Auto-
matic MOS predictors have been developed to estimate MOS.
Training and generalizing these predictors across different lan-
guages and domains remain difficult due to the high cost of
labeled data. To optimize MOS prediction while minimizing
human annotation efforts, we explore active learning. As far
as we know, this is the first study to investigate the use of ac-
tive learning as training sample selection strategies for enhanc-
ing MOS prediction. We investigate its effectiveness on two
tasks: cross-domain and cross-lingual adaptation, comparing
multiple selection strategies that rely on uncertainty or diver-
sity measures. Our sample selection strategies have been com-
pared with random selection. Among these strategies, Monte
Carlo (MC) Dropout proved effective for cross-lingual adapta-
tion, while perturbation noise performed well for cross-domain
adaptation.
Index Terms: Synthesis speech quality assessment, MOS pre-
diction, Active learning

1. Introduction
Speech synthesis has made significant progress in recent years,
but its quality is still commonly evaluated using the Mean Opin-
ion Score (MOS), a metric that relies on a costly subjective hu-
man evaluation. Although MOS is the most widely accepted
metric, it can be controversial due to its dependence on individ-
ual perception [1, 2, 3].

The VoiceMOS Challenges [4, 5] was launched to develop
automated quality predictors capable of handling multiple lan-
guages and domains [6, 7] including under-resourced languages
where annotated data is especially limited. These predictors
aim to reduce the reliance on human evaluation, which is both
costly and time-consuming. The VoiceMOS Challenge demon-
strated that these automated predictors can achieve results close
to human perception, underlining their potential to provide scal-
able and efficient evaluation methods [8, 9, 10]. The scarcity of
MOS-annotated data is an issue for effective model training and
for ensuring that MOS predictors generalize to other languages
or domains, where annotated data may be even more limited.

Active learning approaches can help overcome the scarcity
of MOS-annotated data by selectively identifying the most in-
formative samples for labelling, with different selection strate-
gies, thereby minimizing human intervention and reducing
overall costs. Given that speech synthesis itself generates syn-
thetic data, data collection costs can be considered low, as no
direct human intervention is needed to produce new samples.
This makes active learning particularly well-suited to optimiz-
ing MOS prediction models, even on different datasets or in
different languages, leveraging potential cross-domain/lingual

transfer learning. Moreover, this approach can provide insights
into the linguistic and acoustic characteristics of the training
data, helping to refine dataset design and ensuring an efficient
distribution of speech samples across different conditions and
languages. To our knowledge, this is the first study to ex-
plore the use of active learning for MOS prediction in synthetic
speech.

Our hypothesis is the following: active learning can op-
timize MOS prediction across different datasets or languages.
This approach may also reduce the need for human annotations
while enabling cross-domain and cross-lingual transfer learn-
ing. In order to validate this hypothesis, we define two tasks:
• Task 1: investigate whether a model trained on English data

can be adapted to a different dataset in the same language.
• Task 2: evaluate whether a model trained on English data can

be adapted to predict MOS for a different language.

2. Related Work
2.1. Active Learning Algorithm

Active learning is designed to optimize model performance by
selectively querying the most informative samples from an un-
labeled dataset for training set. This approach allows efficient
use of annotation efforts by focusing on the most valuable data
points, leading to improved model performance with minimal
labeled data and a minimal budget. Active learning is widely
applied in various domains, including physics [11], natural lan-
guage processing, and speech processing [12, 13]. The gen-
eral architecture of active learning consists of the following key
components [14, 13]:

1. Initial Model Training: the process begins with an ini-
tial model, which is typically trained on a small labeled dataset.
This model serves as a starting point for the active learning cy-
cle.

2. Unlabeled Data Pool: a large pool of unlabeled data is
maintained, from which the model selects samples for annota-
tion that are expected to provide the most benefit.

3. Sample Selection Strategy: at each iteration, an acqui-
sition function is applied to identify the most informative sam-
ples from the unlabeled pool, assigning a selection score for
each sample. Various selection strategies can be used, such as:
• Random sampling: selecting samples randomly from the un-

labeled pool, used for comparison in our study.
• Uncertainty-based sampling: selecting samples for which the

model exhibits the highest uncertainty with the help of vari-
ous methods like the Monte Carlo (MC) dropout [15], Bald
[16] or Adversarial perturbations [16].

• Diversity-based sampling: ensuring selected samples are di-
verse and representative of the entire data distribution with
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the help of various methods, clustering and distance between
the unlabeled sample and the already labeled training sam-
ples [16].

• Query-by-Committee: using an ensemble of models to iden-
tify samples with the highest disagreement among predic-
tions [13].

4. Data Annotation & Model Updating: the selected
samples are sent for annotation, where ground truth labels are
obtained. This step can be performed by a human or a ma-
chine with a pseudo-annotation. Once the newly labeled data is
available, it is added to the existing training set, and the model
training continues to incorporate the new information [14].

5. Evaluation: after this additional training, the model is
evaluated on a test set with different metrics [13].

3. Methodology
Our protocol simulates an active learning framework, adapting
a pretrained baseline model [7] by iteratively incorporating in-
formative samples from an unlabeled data pool. The process is
structured into the following key steps:

3.1. Initial Model Training
We begin with a baseline model designed to predict the MOS
by regression. This model captures generalizable features from
an available dataset [7].

3.2. Active Learning Iterations
With the baseline model established, an iterative active learn-
ing process is employed to enrich a task-specific datasets. This
process involves the following steps repeated over multiple it-
erations:
• Unlabeled Data Selection: in each iteration, a subset of sam-

ples is selected from the unlabeled data pool using various
sampling strategies that prioritize the most informative sam-
ples for annotation and model refinement, thereby maximiz-
ing model improvement.

• Model Updating: the selected samples are added incremen-
tally to the training data, and the model is finetuned to in-
corporate the newly acquired information, progressively en-
hancing its performance on task-specific data.

• Evaluation: after each iteration, the updated model is eval-
uated using a separate test set to measure the overall perfor-
mance.

3.3. Sample Selection
We use two strategies for sample selection with several selection
criteria described below.

• Uncertainty
Uncertainty is modeled using two distinct approaches. The first
approach is based on MC Dropout [15], which involves per-
forming several forward passes (25 passes, following [17]) with
dropout in wav2vec and linear layers, allowing us to estimate
the model’s uncertainty. The second, called perturbation noise,
introduces white noise to the input data with a 5 dB level and
compares the predictions MOS obtained from the noisy input to
those obtained from the original data. If the addition of noise
leads to significant changes in the predictions, it indicates that
the model is fragile and lacks robustness on the chosen sample.

• Diversity
We employ cosine similarity metric as defined in the equation
1, to measure the dissimilarity between the unlabeled samples

dj and the training samples di.

Sdiv(dj) =
1

N

N∑
i=0

(
1−

Xdj ·Xdi

∥Xdj∥ ∥Xdi∥

)
(1)

For a given unlabeled sample dj represented by Xdj in a
embedding space, we compute the diversity score Sdiv as an
indicator of how distinct the data sample is from the existing
training data.

4. Experiments
4.1. Experimental Setup

4.1.1. Datasets

For our experiments, we use the BVCC dataset [18] to train the
initial system. It contains 7,106 English audio samples from
187 Text-to-Speech (TTS) and Voice Conversion (VC) systems
used in previous challenges, along with additional samples gen-
erated by ESPnet-TTS. We also rely on the SOMOS dataset,
recently evaluated [19], for Task 1. SOMOS contains 20,100
English audio samples from 200 different TTS systems. The
882 French audio samples from 21 TTS systems included in the
Blizzard Challenge 2023 (BC 2023) dataset are used for Task
2 [20]. All audio segments are resampled to 16 kHz. All these
datasets include MOS annotation.

4.1.2. MOS predictor model

Our initial model, based on the SSL-MOS framework [7] from
previous Voice MOS challenges, is based on the wav2vec 2.0
base model [21] with frozen parameters. Embeddings from
each layer of wav2vec 2.0 are concatenated using Multi-level
Feature Aggregation (MFA) and compressed using a mean
pooling. Two additional linear layers are used to reduce the di-
mension and output a single prediction of the MOS. A dropout
layer with a rate of 0.2 is applied between the two linear layers.
In total, the model has 84M trainable parameters.

4.1.3. Data Architecture for Active Learning

In our approach, we proceed to 4 iterations, representing an in-
cremental annotation budget, of active learning to progressively
refine the model and adapt it to the targeted task. Throughout
these iterations, the training dataset evolves, allowing the model
to continuously improve its performance based on newly ac-
quired information. Our baseline is established with the initial
model before further refinements. The simulation does not in-
clude real-time annotation; instead, we have direct access to the
ground-truth annotations requested by the model. The model
selects a sample, and its corresponding annotation is immedi-
ately available for training. See Table 1 for details.
Table 1: Repartition of dataset (train/validation/test/unlabeled
data) for each iteration, where i represents the iteration index

DATA Train Validation Test Unlabeled data
Initial Model Training

BVCC 4974 1066 0 -
SOMOS 0 0 3000 -
BC 2023 0 0 294 -

Iteration 1-4
BVCC 4974 0 0 0
SOMOS 20× i 3000 3000 14100− 20× (i− 1)
BC 2023 20× i 147 294 441− 20× (i− 1)

Initial Model Training: we train the model using the BVCC
dataset, which is split into two parts: a training set, used to
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learn the initial model, and a validation set (Table1). This stage
aims to establish a baseline model before adaptation to specific
tasks.
Active Learning Iterations 1-4 (Task-Specific Adaptation):
once the initial training is completed, the model is adapted to
each tasks with four iterations. The SOMOS dataset (Task 1)
is divided into three subsets: an unlabeled dataset, a validation
set which is used to save the best model at each iteration, and
a test set (Table1). In each active learning iteration, 20 candi-
dates are selected from the unlabeled dataset based on different
selection strategies and incrementally added to the training data
after simulating the annotation process. The model is then eval-
uated on the test set of SOMOS. The same approach is applied
with BC 2023 (Task 2).
Weighted Batch Sampling: we employ a weighted sampling
strategy that prioritizes the inclusion of samples from under-
represented data. We assign a weight w to each sample based on
the inverse of the number of available training samples; w = 1

N
Where N represents the total number of BC 2023 or SOMOS
samples in the training set. The BVCC samples receive a corre-
sponding weight based on their dataset size, ensuring a balanced
representation in each training batch. This weighting helps to
control the importance of new data for adaptation.

4.1.4. Hyperparameter
The models are trained with a batch size of 4 a learning rate of
0.0005, an SGD optimizer, 100 epochs and an early stopping
of 10 epochs on the validation set. The experiments were con-
ducted on a NVIDIA RTX 8000 GPU, with computation times
ranging from 1 to 3 hours depending on the selected strategy
and dataset used.

4.2. Evaluation Metrics
For the MOS prediction task, the commonly used evalua-
tion metrics, including system-level and utterance-level, are
Mean Squared Error (MSE), Linear Correlation Coefficient
(LCC), Spearman’s Rank Correlation Coefficient (SRCC), and
Kendall’s Tau Rank Correlation (KTAU)[4, 5]. Following [4],
we evaluate the performance of our strategies using SRCC at
utterance-level. We focus on SRCC because our goal is to cap-
ture the relative ranking of utterance quality rather than the ab-
solute MOS values, which are often biased. To ensure the reli-
ability and robustness of our approach, we conducted the active
learning process over 5 runs with different seeds.
4.3. Loss Function
The loss function used is the Concordance Correlation Coeffi-
cient (CCC) loss [22], chosen to align the model’s optimization
with the evaluation metric SRCC, unlike the baseline approach
which used L1 Loss [7]. This choice was motivated by previ-
ous research [23] on optimizing MOS predictors, which demon-
strated that replacing L1 loss with a correlation-based loss led
to improved performance [7].

5. Results
In order to evaluate the performance of our strategies, we com-
pare each strategy with a random selection (Figure. 1).

Additionally, to analyze the characteristics of the selected
samples, we compare their distribution based on duration and
MOS against the entire unlabeled dataset. This allows us to
detect potential over-representation of certain types of data and
determinate whether certain types of data are preferred over oth-
ers. We use Probability Density Functions (PDFs) to visualize
and compare the distributions (Figure 2,3). Moreover, we apply
a Kolmogorov-Smirnov (KS) test to statistically assess whether

Figure 1: Evaluation of uncertainty strategies in active learning
with SRCC metric in utterance-level (y-axis) for each iteration
(x-axis) with a 95 % confidence interval for Tasks 1 and 2. (a)
and (b) for perturbation noise strategy. (c) and (d) represent the
performance of MC dropout.

there are significant differences between the selected samples
and the unlabeled dataset with a (p -value < 0.01). This helps
determine whether the selection process introduces substantial
deviations from the target distribution.
5.1. Experiments with Uncertainty Strategy

5.1.1. Perturbation Noise

The uncertainty of each sample, as selection score, is measured
by calculating the absolute difference between the predicted
MOS of the clean and noisy versions. Samples with the largest
differences are considered the most uncertain, and the top 20
are selected for inclusion in the training process.

For Task 1, selection based on perturbation noise outper-
forms random selection (Figure 1a), suggesting that this level of
perturbation effectively captures uncertainty. When analyzing
the number of iterations, we observe that at iteration 1, which
corresponds to a small annotation budget, performance remains
similar to random selection. It is only at iteration 2 that the ap-
proach demonstrates improvements beyond random selection.

In this task, the model selects samples annotated with
higher MOS, more frequently than their proportion in the un-
labeled dataset. The distribution of MOS in this dataset is pre-
dominantly between 3 and 4, with very few samples between
1 and 2. Having more MOS samples within a range of 3 to
4 appears to be beneficial for this strategy, as adding noise to
low-quality audio could amplify distortions and make evalua-
tion more challenging. Additionally, we observe that this ap-
proach tends to select longer audio samples compared to the
general distribution of the unlabeled data. Our KS test confirms
a significant difference in both MOS and duration distributions
between the selected samples and the unlabeled dataset. These
differences could be explained by the greater linguistic variabil-
ity present in longer audio files, which leads to higher uncer-
tainty and makes them more informative for the model. This
behaviour could indicate that the model initially trained on a
different dataset, learns to adapt its selection criteria to the new
domain by prioritising samples with higher variability.

In Task 2, adding white noise resulted in a performance
drop (Figure 1b), failing to provide meaningful improvements.
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This suggests that the perturbation noise did not effectively cap-
ture uncertainty in this case.

The distribution of both duration and MOS in the selected
samples differs from that of the unlabeled data. Our KS test
confirmed this significant difference. Interestingly, the algo-
rithm tends to select longer audio files, as for Task 1, but un-
like SOMOS, the BC 2023 unlabeled dataset contains fewer
long-duration samples. This difference in dataset characteris-
tics could contribute to the model’s difficulties, as it may limit
the availability of sufficiently informative long samples for un-
certainty assessment. Thus, the selection process leads to an
overrepresentation of MOS between 4 and 5. The observed bi-
ases in selection suggest that the model relies too heavily on pat-
terns learned from the source language, leading to inefficiencies
when applied to a dataset with different statistical properties.

5.1.2. MC dropout
To establish a strategy incorporating uncertainty for a regres-
sion task, we use MC dropout during inference on the unlabeled
dataset. The uncertainty of each sample, as selection score,
is measured by computing the variance of the predicted MOS
across multiple forward passes. In each iteration, we then select
the 20 most uncertain samples, corresponding to those with the
highest variance among their predictions.

For Task 2 (see Figure 1d), the MC dropout strategy outper-
forms random selection in terms of SRCC performance, but the
results remain relatively close. Analysing the number of itera-
tions, we observe that, at iteration 1, corresponding to a small
annotation budget, the performance of MC dropout is similar to
that of random selection. The performance difference between
the two strategies becomes more pronounced starting from it-
eration 2. The selected samples follow a distribution almost
identical to that of the unlabeled dataset in terms of both du-
ration and MOS (Figure 2). This indicates that the selection
process does not introduce any overrepresentation and ensures
for that duration and MOS, based on these characteristics, are
well represented. However, for Task 1, the results show that

Figure 2: The distribution of the duration at the left and at the
right MOS for the unlabeled dataset and the samples selected
from BC 2023 by the MC dropout strategy, according to KS test,
we don’t have any evidence they are different.
predictions are very close to random (Figure 1c), indicating that
this approach is less effective on this dataset compared to the
Task 2. The selected samples follow a distribution almost iden-
tical to that of the unlabeled dataset in terms of both duration
and MOS. This suggests that the MC dropout strategy does
not introduce any selection bias in terms of these attributes.
These results align with previous observations from [24] and
[25], which demonstrated that uncertainty-based active learn-
ing methods can fail to generalize effectively across different
tasks.

5.2. Experiments with Diversity

To incorporate diversity into the sample selection process, we
aim to select the most diverse samples from the unlabeled

dataset in relation to the current training dataset. Diversity as
the selection score is measured with equation 1. Feature embed-
dings are extracted using wav2vec 2.0, with temporal averaging
applied to obtain a fixed-length vector for each sample. We then
select the top 20 samples with the highest selection score.

We observe that our approach is not effective for Task 1 and
2. This technique primarily selects audio samples with MOS
around 2 and shorter durations (Figure 3), leading to an overrep-
resentation of such samples in the selected subset for both SO-
MOS and BC 2023. This is the opposite of the result reported in
[26] for TTS corpus design. For SOMOS, the overrepresenta-
tion of short-duration audio samples is particularly pronounced.
This extreme imbalance could be the main reason in the fail-
ure of the diversity strategy on SOMOS, as the selected subset
may not provide sufficient diversity in terms of content. KS test
confirms that the distribution of selected samples significantly
differs from that of the unlabeled dataset.

Figure 3: The distribution of the duration at the left and MOS at
the right for the unlabeled data and the samples selected from
SOMOS by the diversity strategy, according to KS test we have
different distribution between selected and unlabeled data.

6. Conclusion
This work explored, for the first time, an active learning strategy
to improve MOS prediction of synthetic speech across domains
and languages. The main contribution of this paper is to propose
an efficient method to reduce the annotation costs. In cross-
domain adaptation (Task 1), our results show that selection with
perturbation noise yields higher results in terms of SRCC than
random selection. On the other hand, MC dropout was less ef-
fective compared to random selection. For cross-lingual adapta-
tion (Task 2), MC dropout show potential and delivered higher
performance than random selection, while perturbation noise
was not effective, suggesting that further investigation is needed
to understand its impact across different languages. In both
tasks, selection based on diversity yields lower SRCC results
than random selection, likely due to the over-representation of
certain data types. This limitation could present an opportu-
nity for improvement: by incorporating mechanisms that en-
sure a more balanced distribution, these approaches could be
more effective. Future active learning strategies could be de-
signed to align with a target distribution, preventing sampling
biases. This issue might also be linked to the fact that Wav2Vec
2.0 does not capture task-relevant characteristics. By an explo-
ration on the embedding space we haven’t detect an observable
relation between MOS/TTS system and sample distance. A fu-
ture investigation would be helpful. Also, we explore hybrid ap-
proaches that combine different selection methods which show
promising preliminary results. The perspective of designing ef-
ficient datasets for model training, strategies such as perturba-
tion noise, which primarily target long-duration samples, could
help guide the creation of corpora better suited to model.
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