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Abstract—Speech quality assessment (SQA) refers to the eval-
uation of speech quality, and developing an accurate automatic
SQA method that reflects human perception has become increas-
ingly important, in order to keep up with the generative AI boom.
In recent years, SQA has progressed to a point that researchers
started to faithfully use automatic SQA in research papers as a
rigorous measurement of goodness for speech generation systems.
We believe that the scientific challenges and open-source activities
of late have stimulated the growth in this field. In this paper, we
review recent challenges as well as open-source implementations
and toolkits for SQA, and highlight the importance of maintaining
such activities to facilitate the development of not only SQA itself
but also generative AI for speech.

I. INTRODUCTION

Evaluating the quality of a speech sample, which is also
known as speech quality assessment (SQA) [1]–[3], can be
a complicated process, and human is often considered the
gold standard. Not only because the end user is human,
but the assessment involves considering multiple dimensions
simultaneously, including naturalness, intelligibility, and other
intended purposes, which is a highly difficult task. While
the main purpose of SQA was to monitor the quality of
telecommunication services, its application to evaluate speech
generation systems has been gaining attention in recent years
due to the generative AI boom. However, having human lis-
teners to judge the speech quality in the development pipeline
can be costly, and has thus motivated the development of
automated evaluation protocols.

Compared to other attributes like intelligibility, the highly-
subjective nature of speech quality [2] emphasizes how im-
portant it is for a metric to be well-correlated with human
perception. It has therefore become increasingly popular to
develop SQA methods that are directly optimized using human
preference data. Since such approaches are data-driven and
thus based on machine learning models, the field of SSQA
greatly benefits from the rapid development of deep neural
networks (DNNs) in the past decade [4]–[6]. As a result, SQA
methods nowadays have been shown to correlate well with
human ratings, leading to the adaptation of such methods to
evaluate speech generation models in scientific papers.

The success of a research field often arises from the collec-
tive efforts of the community as a whole. In the era of deep
learning, this can be realized in two key ways. First, scientific
challenges can increase visibility and attract interest to a
field. These challenges are not about competition or ranking;
rather, the main goal is to advance on specific problems.
By providing a standardized framework – including shared

Fig. 1. Google Scholar Citations count of recent SQA papers.*: papers
on SQA with open-source implementations. **: summary papers of scientific
challenges

datasets and evaluation protocols – they enable systematic
analysis and comparison of different approaches. The insights
and findings can further be disseminated to benefit researchers
across related fields. As evidence, in 2022, two scientific
challenges were organized: the ConferencingSpeech Challenge
(CSC) [7], and the VoiceMOS Challenge (VMC) [8]. Since
then, the citation count of recent SQA papers increased rapidly,
as shown in Figure 1.

Open-source activities have also contributed to the rapid
advancement of SQA. The most direct application of any SQA
method is its integration into real-world scenarios. Therefore,
ease of use becomes a crucial factor. Conventional non-DNN-
based SQA methods such as PESQ [9] can be computed
analytically. In contrast, DNN-based methods require model
training, posing a barrier for users who simply want to assess
the quality of, for instance, a speech generation system.
Converting human-annotated quality labels into trained models
and making them openly accessible enables a broader adoption
of modern SQA methods. This, in turn, has played a key role
in accelerating progress in the field.

In this perspective paper, we first share our four years of
experience in running the VoiceMOS Challenge series, whose
scope was further expanded from SQA to quality assessment
of general audio, thus rebranded to the AudioMOS Challenge.
We share the task design, key insights, and feedback from
participants. Then, we review recent open-source activities
in SQA, which greatly benefit the development of this field.
Finally, we discuss future directions.
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TABLE I
SUMMARY OF THE TRACKS IN VOICEMOS CHALLENGE 2022-2024 AND AUDIOMOS CHALLENGE 2025.

Challenge Track Dataset Audio type Evaluation axis Setting

VoiceMOS Challenge 2022
Main BVCC English TTS & VC Naturalness in-domain

OOD BC19 Chinese TTS Naturalness in-domain

VoiceMOS Challenge 2023

Track 1 BC23 French TTS Naturalness out-of-domain

Track 2 SVCC23 English singing voice conversion Naturalness out-of-domain

Track 3 TMHINT-QI(S) Chinese noisy & enhanced speech Naturalness out-of-domain

VoiceMOS Challenge 2024

Track 1 Zoomed-in BVCC English TTS & VC Naturalness Same audio,
zoomed-in labels

Track 2 SingMOS Chinese & Japanese
singing voice synthesis & conversion Naturalness in-domain

Track 3 – English noisy & enhanced speech
Signal distortion &
background noise &

overall quality

out-of-domain,
semi-supervised

AudioMOS Challenge 2025

Track1 MusicEval Text-to-music Overal quality &
Textual alignment in-domain

Track 2 – Natural speech/audio/music,
text-to-speech/audio/music

Product quality &
Product complexity &
Content enjoyment &

Content usefulness

out-of-domain

Track 3 – English TTS
at different sampling rate Naturalness same audio,

different listening tests

II. THE VOICEMOS AND AUDIOMOS CHALLENGE SERIES

The VMC series was initiated in 2022, and has been held
annually since then1. The term “MOS” stands for “mean
opinion score”, which is a common listening test type [10]. As
the name suggests, the task involves predicting the MOS for a
given voice sample. From 2022 to 2024, the challenge focused
primarily on the evaluation of speech. In 2025, however, the
scope was broadened to include other audio modalities such
as music and general environmental sounds. To reflect this
expansion, the challenge was rebranded as the AudioMOS
Challenge. Table I summarizes the tracks in each year.

In SQA, out-of-domain generalization is a crucial aspect,
due to the nature of how listening tests are conducted: each
listening test represents a unique context, with different con-
tents (text, speakers, etc.), recruited listeners, ranges of systems
being evaluated, and even instructions. Thus, with respect to an
SQA model trained on a specific dataset, the testing scenario
can be either in-domain or out-of-domain, where the former
means the test samples and the ratings come from the same
listening test as that of the training set, and the latter means
they come from different listening tests.

The challenge was hosted on CodaLab [11] (which was
further renamed to CodaBench2). In each year, the challenge
was divided into the training phase, evaluation phase, and
post-challenge. The training phase was usually two to three
months long, and participants could use the training set (if
provided) to develop their system. In the evaluation phase,
which was always one week long, participants made their
predictions of the quality of the test set samples. After the
submission deadline, we released the test set ground truth

1https://sites.google.com/view/voicemos-challenge
2https://www.codabench.org/

labels for participants to perform analysis and wrap up their
paper. We also asked each team to submit a system description
form based on the template we distributed, including surveys
on their opinions on the challenge and future directions.

To assess SQA models, several evaluation criteria were used,
but for most of the time, we used system-level Spearman
rank correlation coefficient (SRCC) as the primary metric for
determining the ranking.

Each year, we provided one or more open-sourced baseline
systems, giving participants access to pretrained models along
with recipes for training, fine-tuning, and making predictions
on the challenge datasets. This component is essential to a
scientific challenge for several reasons. First, it significantly
lowers the barrier to participation. Second, the baseline system
typically represents the state-of-the-art or the most representa-
tive approach available at the time. As a result, it becomes
feasible to assess whether the challenge drives meaningful
progress in the field.

A. The VoiceMOS Challenge 2022
1) Track and setting: There were two tracks in VMC 2022,

namely the main track and the out-of-domain track. The main
track was based on a large-scale dataset of MOS ratings
for synthesized audio samples as well as reference natural
speech samples, which we collected in 2021 [12]. We mainly
collected English-language synthesized audio samples from
several past Blizzard Challenges (BCs) from 2008-2016 and
from all previous Voice Conversion Challenges, as well as
publicly-shared samples from ESPnet-TTS, one of the most
commonly used TTS toolkits at that time [13]. Altogether,
we collected samples from 187 different systems, and we
conducted a large-scale listening test where each sample re-
ceived eight ratings. Although we carefully designed a training,
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development, and testing split of the data while holding out
some unseen speakers, synthesis systems, and listeners in the
development and test sets, we still consider this track to be an
“in-domain” setting.

Additionally, we also ran an out-of-domain (OOD) track by
making use of the BC 2019 data, which focused on Chinese
text-to-speech (TTS) samples, and provided participants with
a very small amount of labeled training data (136 samples).
Although we also designed the training, development, and test-
ing split to include unseen systems and listeners, since labeled
training data was provided, we considered the OOD track to be
somewhat “in-domain”. Still, this track was challenging both
in terms of the smaller amount of labeled training data, as well
as the language mismatch with respect to the main track.

2) Results and insights: The challenge attracted 22 partici-
pating teams from academia and industry, which we consider
to be very successful compared to popular scientific challenges
like the ImageNet Large Scale Visual Recognition Challenge
[14], which had on average 20-30 participants per year. In
addition, we provided three baselines [15]–[17]. For the main
track, the best baseline had a system-level MSE and SRCC of
0.148 and 0.921, ranking 18th and 12th in the two metrics,
respectively. The top prediction systems in system-level MSE
and SRCC scored 0.090 and 0.939, respectively. As for the
OOD track, the top prediction systems had an MSE of 0.030
and a SRCC of 0.979, respectively.

Overall, we observed that fine-tuning SSL models for the
MOS prediction task was a powerful approach that can produce
predictions with very high correlations with real listener
ratings, even in the case of the OOD track where a very small
amount of label was available. Feedback from participants was
about including a larger variety of audio to evaluate, including
synthesis in more different languages, singing voice synthesis,
and noisy and enhanced speech.

B. The VoiceMOS Challenge 2023

The outcomes of the first challenge motivated our design
of the 2023 edition of the challenge [18]. If, even with a
very small amount of labeled training data, the correlation
coefficient between the machine’s prediction and that of hu-
mans can be larger than 0.95, how about an entirely out-of-
domain, zero-shot setting? Therefore, we focused on real-life
MOS prediction in a variety of speech domains, as the labels
in the test sets are completely new listening tests: they were
collected at the same time as the challenge, meaning that team
predictions were made before the actual ground-truth MOS
values were known to anyone.

1) Data and tracks: There were three tracks in VMC 2023.
The first track was based on the Blizzard Challenge 2023
[19], which focused on French text-to-speech synthesis. The
second track was based on the Singing Voice Conversion
Challenge 2023 (SVCC) [20], where the input singing voice
sample was converted to a different speaker identity, using
either sung (matched) or spoken (mismatched) reference audio
from the target speaker. Unlike VMC 2022, where the listening
tests were completed in advance and divided into training,

development, and test sets, when the VMC 2023 training phase
took place, the Blizzard and SVCC listening tests were still
ongoing. Thus, no official training data was provided for these
two tracks.

For the third track, we considered the quality assessment
of noisy and enhanced speech for the first time. Unlike the
previous two tracks, we provided the TMHINT-QI [21] dataset
as training data, and for the test set, a separate listening
test was conducted, with the same noise generation process,
partially different speech enhancement systems, and com-
pletely different raters. We named the test set TMHINT-QI(S)
[22]. The design of this track was to answer the substantial
interest from the participating teams in VMC 2022, as we
also noticed many parallel efforts towards more automatic
evaluation methodologies in the speech synthesis and speech
enhancement communities. Considering that these are similar
tasks, we believed there could be benefits from more commu-
nication and collaboration between these communities.

2) Results and insights: In total, ten teams participated in
the 2023 challenge. This year we also provided two baseline
systems: one was SSL-MOS, the best baseline system in
VMC 2022 [15], and the other one was UTMOS, the best
performing system in VMC 2022 [23]. In each track, at least
one team outperformed the baseline, showing that progress
was indeed made. The most important result was that most
teams’ scores for the different tracks are very different, and no
team had high scores on all tracks using the same model
trained on the same data, indicating that general-purpose
MOS prediction can still be considered an open research
problem.

As for other findings, we were surprised that many teams
performed well on the second track, whose focus was singing
voice conversion samples. At the time being, quality assess-
ment for singing voices was still an underexplored field, so
we suspected that the domain mismatch between synthesized
singing and speech was not as large as we had assumed.
Looking at each team’s approach, we found that listener-
dependent modeling [16] was more popular this year, and
teams that used a mix of different training datasets also tended
to do better.

C. The VoiceMOS Challenge 2024

1) Data and tracks: There were three tracks in VMC
2024 [24]. The first track was MOS prediction for “zoomed-
in” systems, motivated by a real-world scenario where the
researchers wish to evaluate a speech generation model under
development, whose quality is expected to be better than any
previous system. Based on the BVCC dataset, we collected a
set of “zoomed-in” subjective ratings [25], where new listening
tests were conducted using approximately 50%, 25%, 12%, and
6% of the highest-rated systems. No new training data was
provided, and the test set consists of 1000 samples from the
25% subset, 500 of which are also included in the 12% subset.
Although the samples in the test sets are all from BVCC, since
new listening tests were conducted, this track was considered
out-of-domain.
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The second track was based on SingMOS [26], a newly
collected dataset consisting of natural singing voice samples,
vocoder analysis-synthesis samples, and singing voice synthe-
sis/conversion samples in Chinese and Japanese. The official
split was used, with partially unseen samples in the training
set. Thus, this track was considered in-domain.

The third track focused on MOS prediction for noisy and
enhanced speech. While this may appear similar to the VMC
2023 track 3, we introduced two key novelties. First, instead of
relying on a single MOS value, the evaluation employed three
perceptual dimensions defined in ITU-T P.835 [27]: signal
quality (SIG), background intrusiveness (BAK), and overall
quality (OVRL). Second, the training data was further limited
in size. Specifically, the training and validation sets were
derived from the UDASE task of the 7th CHiME Challenge
[28], [29], containing only 60 and 40 samples, respectively.
The evaluation set was constructed using data from a sep-
arate listening test involving samples from the VoiceBank-
DEMAND dataset [30].

2) Results and insights: This year, we received submissions
from five teams from academia and three teams from industry,
for eight in total from six different countries. We also had a
baseline system for each track. For track 1, although multiple
teams outperformed the baseline, the overall performance was
significantly lower than the original labels, highlighting the
difficulty in ranking high-quality speech synthesis systems.
For track 2, although no team outperformed the baseline in
terms of system-level SRCC, all systems had a system-level
SRCC higher than 0.8. While participants questioned whether
the baseline was too strong, we suspect that the overly-easy in-
domain setting was the main cause. Finally, in track 3, among
the three axes, SIG was the most difficult dimension to predict,
and participating teams had diverse behaviors.

D. The AudioMOS Challenge 2025

The rapid progress of music and general audio generation
led to an urgent need for an automatic evaluation method
for text-to-music (TTM) and text-to-audio (TTA) systems that
reflect human perception, as demanded by participants in the
2024 challenge. In light of this, we expanded the VMC series
and rebranded to the AudioMOS Challenge (AMC).

1) Data and tracks: There were three tracks in AMC 2025.
The first track focused on MOS prediction of TTM systems,
where we used MusicEval [31], a dataset containing music
clips generated by 31 modern TTM systems. Music experts
were recruited to rate each clip in terms of overall musical
quality and alignment with the text prompt, which respectively
emphasizes the importance of both the quality of the generated
music and its consistency with the given prompt. The second
track was based on Meta Audiobox Aesthetics [32], a suite
of unified assessment methods for speech, music, and sound.
Instead of a single MOS, the evaluation protocol consists of
four new evaluation dimensions: production quality, production
complexity, content enjoyment, and content usefulness. The
task was to assess synthetic samples from TTS, TTA, and TTM
along the four axes. The third track focused on MOS prediction

for synthesized speech in different sampling frequencies. Dur-
ing the training phase, participants were provided with samples
in 16, 24, and 48 kHz, along with their ratings obtained
from listening tests that only contained samples in the same
sampling frequencies. For the test set, the participants were
asked to make predictions of synthetic samples that reflect
their scores in a listening test that contains samples from all
sampling frequencies.

2) Results and insights: We received submissions from
24 unique teams, which was the most among the previous
VMCs, demonstrating the increasing interest in audio quality
assessment. We also prepared a baseline for each track. For
track 1, not only did all teams outperform the baseline,
but the best-performing team achieved system-level SRCCs
over 0.95 on both axes, again reflecting the overly-easy in-
domain setting. For the second track, as it was difficult for
a single system to excel in the prediction of all four axes,
more than half of the teams outperformed the baseline. For
track 3, although all teams outperformed the baseline, the
limited number of synthesis systems in the dataset made many
participants question whether the track was properly designed.

E. Key factors to the success of a challenge

The most important aspect of organizing a scientific chal-
lenge is attracting a sufficient number of participants. Across
the four editions, we observed fluctuating levels of participa-
tion, with 22, 10, 8, and 24 teams joining in 2022 through
2025, respectively. Upon reflection, we identified several key
factors that contributed to higher engagement:

• Well-defined task: Although tasks such as the “zoomed-
in” setting and the “different sampling rate” condition
were frequently requested by past participants, it proved
challenging for the organizers to design task setups that
were both fair and easy to understand. Striking a balance
between research novelty and clarity of formulation re-
mains a key difficulty in challenge design.

• User-friendly baseline: In VMC 2022 and AMC 2025,
we dedicated more effort to developing comprehensive
and easy-to-use baseline implementations, including pre-
trained models, clear documentation, and ready-to-run
scripts. These efforts greatly lowered the entry barrier for
new participants, especially those unfamiliar with the task.

• Marketing and advertisement: This is arguably the
most critical yet often underestimated factor in organizing
a successful challenge. In 2023 and 2024, we did not
actively promote the challenge through mailing lists and
social media, and this lack of visibility likely contributed
to the lower participation in those years.

III. OPEN-SOURCE TOOLKITS

In this section, we are particularly interested in SQA meth-
ods based on DNNs. This means they cannot be expressed
in analytical forms, and are too costly for users to train the
models from scratch. As a result, open-sourcing these models
and making them easy to use becomes very important.
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TABLE II
COMPARISON OF EXISTING OPEN-SOURCED SPEECH QUALITY

ASSESSMENT METHODS.

Name Inference Model
training

Multi-
model

Multi-
dataset

MOSNet [5] ✓ ✓
DNSMOS [6] ✓ ✓
NISQA [33] ✓ ✓

SSL-MOS [15] ✓ ✓
UTMOS [23] ✓ ✓

TorchAudio-Squim [34] ✓ ✓
SHEET [35] ✓ ✓ ✓ ✓
VERSA [36] ✓ ✓

Table II shows a comparison between representative open-
source SQA methods. In the early stages of SQA development,
many publicly available codebases were primarily released
as supplementary materials to their corresponding scientific
papers, including MOSNet, DNSMOS, NISQA, SSL-MOS,
and UTMOS [5], [6], [15], [23], [33]. While open-sourcing
code has become a standard expectation in modern machine
learning research, it was relatively uncommon in a smaller
field like SQA at the time. This scarcity contributed to the
widespread adoption of these early methods. However, these
toolkits typically supported only the specific method proposed
in the original paper, and were often trained on a single dataset,
limiting their generalizability and practical applicability.

To support the research development of SQA systems, the
SHEET toolkit [35] was developed with a particular focus on
providing complete training and evaluation scripts, supporting
a large collection of datasets and several representative SQA
models. The goal was to provide a benchmark playground for
both experienced researchers and newcomers to easily start
working on this area.

Another line of work aims to provide a user-friendly in-
terface to multiple off-the-shelf metrics and pre-trained SQA
models, with the goal to enhance the accessibility of ex-
isting SQA metrics. For instance, TorchAudio-Squim [34]
was designed to provide non-intrusive, reference-free quality
measures for speech. Although only providing four metrics,
its tight integration with TorchAudio [37], the official audio
domain library of PyTorch, made it an easy-to-use building
block for speech signal processing system development. Re-
cently, the VERSA toolkit [36] was introduced as a unified,
lightweight evaluation toolkit designed for not only speech but
music and general audio. VERSA was already supporting 65
metrics with 729 variations based on different configurations
by the time the paper was published, and it is planned to be
continuously developed.

IV. CONCLUSION AND DISCUSSIONS

In this perspective paper, we first reflected on our expe-
riences organizing the VoiceMOS and AudioMOS Challenge
series over the past four years, highlighting key lessons on task
design, baseline development, and community engagement. We
also reviewed recent progress in open-source SQA toolkits and
their role in accelerating research. These collective efforts have
definitely inspired innovation and collaboration.

As challenge organizers, we have been constantly listening
to the voice of the community. Although the field continues
to expand toward general audio quality assessment, we would
like to point out that despite the progress, automatic quality
assessment of speech itself is still not solved, as we still
constantly receive requests on evaluating more complex speech
types like multi-lingual speech, expressive TTS, and prompt-
based TTS. In addition, we are also seeing benchmarks that
are publicly available and continuously evolving [38], [39]. We
hope this paper not only serves as a reflection on past efforts
but also as a call to continue building a shared foundation for
the future of SQA and beyond.
Acknowledgments: This work was partly supported by JSPS
KAKENHI Grant Number 25K00143.
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