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Abstract: Evaluating synthetic speech generated by machines is a complicated process, as it
involves judging along multiple dimensions including naturalness, intelligibility, and whether the
intended purpose is fulfilled. While subjective listening tests conducted with human participants
have been the gold standard for synthetic speech evaluation, its costly process design has also
motivated the development of automated objective evaluation protocols. In this review, we first
provide a historical view of listening test methodologies, from early in-lab comprehension tests to
recent large-scale crowdsourcing mean opinion score (MOS) tests. We then recap the development
of automatic measures, ranging from signal-based metrics to model-based approaches that utilize
deep neural networks or even the latest self-supervised learning techniques. We also describe the
VoiceMOS Challenge series, a scientific event we founded that aims to promote the development of
data-driven synthetic speech evaluation. Finally, we provide insights into unsolved issues in this field
as well as future prospective. This review is expected to serve as an entry point for early academic
researchers to enrich their knowledge in this field, as well as speech synthesis practitioners to catch
up on the latest developments.

Keywords: Synthetic speech evaluation, mean opinion score, automatic speech quality pre-
diction, VoiceMOS Challenge

1. Introduction

Synthesized speech, which is artificial speech gener-

ated by a computer, requires evaluation in order to

judge whether it is understandable to listeners, natural-

sounding, well-matched to the target speaker or speak-

ing style, and generally acceptable for its intended pur-

pose. Evaluation is also required to judge whether some

new synthesis method is better than a previous one, or

whether some new proposed modification gives an im-

provement. For as long as researchers have been devel-

oping synthesized speech, they have also been consider-

ing how to evaluate it. Historically, such evaluation has

mainly relied on listening tests conducted with human

listeners. Human opinions are the gold standard for eval-

uating synthesized speech because, after all, it will be

humans who will listen to it. However, such evaluations

are very costly and time-consuming, and researchers

have also considered more automated evaluation meth-

ods to streamline the experimental iteration process.

From acoustic correlates of human opinions to signal-

processing-based methods developed for telephony, to
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machine learning-based approaches trained on listening

test data, researchers have been considering and testing

out these automated evaluation methods to make their

experiments more efficient. This review will outline a

history of evaluation for speech synthesis, including dif-

ferent types of subjective listening tests and efforts to

find suitable objective metrics. We will also describe our

two years of experience running the VoiceMOS Chal-

lenge, a shared task for data-driven opinion prediction

for the quality of synthesized speech. Finally, we will

describe ongoing work in this area as well as unsolved

issues and future prospects.

2. Listening tests

This section will overview the listening test method-

ologies that have historically been used for synthesized

speech, as well as current popular methodologies. We

will also make note of some critiques of these method-

ologies that have arisen. In the case of modular syn-

thesizers which have a front-end for linguistic process-

ing, each of the linguistic processing components (such

as text normalization and grapheme-to-phoneme con-

version) may have their own evaluation methodologies,
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which can be automated in the presence of sufficient la-

beled data. However, evaluations of the linguistic com-

ponents of speech synthesizers are outside of the scope

of the paper and we mainly focus on evaluation of the

final synthesized speech.

2.1. 1980s to early 1990s: intelligibility and

comprehension

During the 1980s and early 1990s, popular approaches

for computerized speech synthesis were rule-based for-

mant synthesizers and concatenative unit-selection-

based synthesizers based on small units such as diphones

or groups of phonemes. The evaluation mainly focused

on aspects related to intelligibility at the phoneme,

word, or sentence level, as well as comprehension at the

multi-sentence or paragraph level.

A 1990 survey paper [1] describes several evaluation

methodologies for speech synthesis focusing on popu-

lar ones in the decade prior, and their advantages and

disadvantages. The authors point out that most evalu-

ations for synthesized speech at that point focused on

intelligibility. They outline three types of evaluations:

comparative, which will reveal which synthesis system

is best, diagnostic, which will assist in identifying prob-

lems with a synthesizer, and applied, which will demon-

strate how well-suited the synthesizer is for a partic-

ular application. An example of an applied evaluation

is a controlled field test, in which a synthesizer is

evaluated in the real world in its intended application

with real users as the listeners – it is stated that this

kind of test is relatively uncommon, and how to design

ecologically-valid listening tests still remains an open

question.

The Modified Rhyme Test (MRT) [2] is a test de-

veloped for telephony for evaluating intelligibility at the

phoneme level, and it is cited as the most frequently-

used listening test at the time for comparative evalu-

ations of speech synthesizers in controlled conditions.

In an MRT, listeners hear a monosyllabic word, often

in the context of a carrier sentence, and then they must

choose the word that they heard from a list of six choices

which vary by either the initial or final consonant. The

MRT is a variation of the Diagnostic Rhyme Test

(DRT) [3], which only presents listeners with two possi-

ble choices. Positive aspects of the modified rhyme test

are that it is reliable as well as easy to conduct. Its

drawbacks are that the test scenario is unrealistic com-

pared to actual use cases for synthesized speech, and

this limited scenario results in artificially high scores.

The multiple-choice paradigm also does not reveal con-

fusions that listeners may have made that are not pre-

sented among the six choices. Furthermore, consonant

clusters are not evaluated in a standard MRT. There-

fore, variations of the MRT were sometimes deployed,

such as ones making use of open responses [4] and ones

including consonant clusters in the testing material [5].

A 1993 paper [6] describes several perceptual tests

used by Bell Labs that have a more diagnostic focus.

Their in-house speech synthesis system was a concate-

native one using a database of units ranging in length

from one to five phonemes, and they evaluated two ver-

sions of this along with the commercial DECtalk for-

mant synthesizer and natural speech. Their motivations

were to evaluate the coverage of their dataset and to

identify bad units that may require re-recording. This

paper describes how listening tests were typically con-

ducted at the time – listeners were recruited from the

local area near the office and in most cases they were

not only unfamiliar with speech synthesis but also with

computers in general and they did not have keyboard

typing skills. So, listeners either used very simple user

interfaces that only required pushing one or two but-

tons to make a choice, or else they were asked to write

down what they heard using pencil and paper in the

case of transcription tasks, and their responses would

be entered into a computer later on. They conducted a

word pointing test for detecting bad units, in which

listeners point at words in a sentence where they hear

problems and rate their severity; a minimal pairs in-

telligibility test, similar to the DRT except using word

lists that cover more types of sounds such as vowels,

consonant clusters, and multi-syllabic words; an ortho-

graphic name transcription task in which listeners

write down proper names that they hear; quality rat-

ings scores with problem categorization, similar

to quality MOS but with a follow-up question asking

listeners to choose a category of the problem they iden-

tify with the audio if their rating is low; and paired

comparisons with certainty ratings, a modification

of a simple pairwise comparison test where listeners also

indicate the strength of their preference on a 1-6 scale.

The authors reiterate that ratings of synthesized speech

are inherently context-sensitive and therefore can’t be

meaningfully compared across tests.

Beyond the phoneme level, word-level and sentence-

level intelligibility of synthesized speech can be assessed

by way of a transcription task that asks listeners to

write down the word or sentence that they hear. Re-

sults are reported in terms of the percentage of words

that were correctly identified. The testing material can

consist of meaningful sentences that are chosen to have

good coverage of the sounds of the language or to be
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representative of the target use case for the synthesizer,

or semantically-unpredictable sentences (SUS) [7], which

are grammatically-correct nonsense sentences. Although

meaningful sentences better reflect a real-life use case,

testing with SUS can give a more realistic picture of the

intelligibility of the systems under comparison because

the effect of contextual clues is removed. Intelligibility

tests using SUS are more rigorous and provide a kind

of “lower bound” [8] for how well the system can be

expected to be understood.

A 1980 paper [8] on the evaluation of the MITalk rule-

based formant synthesizer critiques past (uncited) syn-

thesis studies for focusing too much on intelligibility and

not enough on comprehension, a listener’s ability to un-

derstand and retain information from what they heard.

In addition to conducting MRT tests and tests for word

recognition in a sentence using both meaningful sen-

tences and SUS, they also conducted a listening com-

prehension test in which listeners heard narrative pas-

sages and several multiple-choice questions about their

contents, based on standardized reading comprehension

tests. They compared listening to synthesized speech to

both listening to natural speech and reading the passage

to measure the comprehension differences in each case.

However, this same study shows that this kind of com-

prehension test is already saturated, that is, it is not

sensitive enough to reveal differences between natural

and synthesized speech. A decade later, the 1990 survey

paper notes that paragraph-level comprehension evalua-

tions still remain scarce despite this being an important

and realistic use case for speech synthesizers. Sentence-

level intelligibility and comprehension can also be mea-

sured using a sentence verification task, in which

listeners have to quickly decide whether a sentence is

factually correct or not, and results can be measured in

terms of listener latency and accuracy.

The 1990 survey paper gives a short overview of lis-

tening tests that evaluate intonation, which were start-

ing to receive some attention at the time but were not

yet as widely used as intelligibility tests. These include

pairwise comparison tests in which listeners hear

the same sentence realized by two different synthesiz-

ers and choose which one they prefer, Mean Opinion

Score tests (MOS) [9] in which listeners rate an audio

sample on an Absolute Category Rating (ACR) scale

for some characteristic of the audio such as its natu-

ralness, and magnitude estimation tests, in which

listeners assign numbers of their own choosing to de-

scribe their perception of the magnitude of some aspect

of the audio and their answers are normalized later [10].

Pairwise comparison tests can reveal fine-grained differ-

ences between systems as listeners are forced to make

direct comparisons, and the human auditory system has

a better ability to make comparisons rather than abso-

lute judgments [11]; however, pairwise comparison tests

are not well-suited for longer passages and they don’t

scale well to a large number of synthesizers as generally

all pairs must be compared. MOS tests have become

very popular, which will be discussed further in later

sections. The magnitude estimation test was found to

give unreliable results [10] and has not caught on as a

major evaluation paradigm for speech synthesis.

As the MOS testing paradigm was gathering some

interest for speech synthesis by this point, researchers

started to consider the best ways to use it. A 1992 study

[10] investigated two aspects of listening test design in

the evaluation of four unnamed Swedish synthesizers.

First, the granularity of the rating scale was evalu-

ated by comparing a standard 5-point scale to an 11-

point scale with half-point increments. Next, the ques-

tion of which which systems to include in the listen-

ing test “context” was also addressed – they considered

a “narrow” context where listeners only hear the four

synthesizers, a middle context where natural speech is

added, and a wide context where a low-quality refer-

ence is also included in the form of natural speech dis-

torted with noise. Their results showed that increasing

the listening test context reduced the scores that listen-

ers gave to the synthesis systems in both the “middle”

and “wide” context cases, and that scores also became

reduced and more compressed in the case of the 11-point

rating scale compared to the 5-point scale. These early

results demonstrate that MOS is relative, not absolute,

and depends on the testing materials and interface pro-

vided to the listeners.

2.2. Mid-1990s and 2000s: naturalness, intelli-

gibility, and efforts to standardize

As the storage capacity of computers improved, con-

catenative synthesizers were developed to make use of

larger databases from which longer units could be se-

lected. With the improved quality of speech synthesis,

evaluation during this era shifted from focusing mainly

on intelligibility to including a more comprehensive eval-

uation of naturalness and prosodic factors. Efforts to de-

velop standards for evaluating synthesized speech also

increased, as did some introspection by researchers in

the field as to whether evaluations are being conducted

in a valid way or if improvements could be made.

The 1994 ITU-T Recommendation P.85 [12] repre-

sents an early effort to develop a recommended evalua-

tion protocol specifically for synthesized speech. Based
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on the ITU-T Rec. P.80 [13] developed for telephony,

this specification recommends using a set of ACR-based

questions for different aspects of listener opinion such as

overall impression, self-reported listening effort, articu-

lation, and a final binary question about whether the

voice is acceptable. Listeners conduct the ACR part of

the test after an initial round of testing for comprehen-

sion of the same audio material, but P.85 gives no rec-

ommendation about how to use the results of this part

of the test, indicating that comprehension is considered

necessary but is still not a main focus. P.85 also out-

lines some standardization details, such as that at least

5 different synthesis systems should be included in the

test, audio samples should range from 10-30 seconds in

duration, a training session should be provided for lis-

teners, and one listening session should range from 40-60

minutes. A 1996 paper [14] provides similarly detailed

recommendations for running SUS-based transcription

tests, recommending the use of several different sentence

types that generalize well across European languages,

using short and common words. In 2000, guidelines were

published [15] for evaluating Japanese synthesizers, fo-

cusing on intelligibility at the syllable, word, and sen-

tence level, and overall quality, with recommendations

to ask listeners about rhythm, intonation, and overall

suitability.

A 2002 study of the reliability of P.85 [16] noted that,

eight years later, P.85 had not seen much adoption, pos-

sibly because it seems complicated to run and is not em-

bedded in a real task. They evaluated six different com-

mercial English concatenative synthesizers using both

the P.85 paradigm and a simple pairwise test. They

aimed to test the effect of genre (domain) by including

material from four different domains, and of listening

session, by bringing back the same group of listeners one

week later to repeat the same test. The authors found

very strong correlations across several of the different

P.85 rating scales, indicating that they may not really

be testing different factors and therefore the complexity

of P.85 tests may not in fact be worthwhile. They found

a significant effect of genre, although system rankings

did not change. Results were found to be very consis-

tent across sessions. The only scales that differed signif-

icantly across sessions were “listening effort” and “com-

prehension problems,” which had differences indicating

that listeners had an easier time listening and compre-

hending during the second session and that there was a

learning effect. The pairwise test gave almost the same

rankings of systems, with less variability, and with more

significant differences being revealed between systems

with the same number of listeners. Another study from

four years later [17] comparing P.85 to more commonly-

used SUS tests for intelligibility and MOS tests for nat-

uralness found that P.85 was not suitable for measuring

intelligibility, with SUS tests being more rigorous and

producing more useful results. However, contrary to the

previous study, they found that the P.85 scales were not

all correlated, and P.85 could provide a much more nu-

anced and informative picture of the naturalness and

overall quality of a system. They attribute this different

result to the fact that synthesized speech had improved

substantially in the intervening years and that listeners

were able to identify more subtle differences between

the systems.

In 1997, a questionnaire was sent out to researchers

in the field of speech synthesis, and the results were

reported [18]. 16 researchers from around the world re-

sponded to questions about which listening test meth-

ods they knew about, and which ones they had actually

used, revealing that pairwise comparison tests had the

most users, and DRT/MRT tests, comprehension tests,

and MOS were also well-known and used. They also col-

lected free-text opinions and found that researchers were

aware that there are plenty of choices for listening tests,

but it would be useful to have some kind of guidelines

for which test(s) to choose or adapt for a given case.

In 2005, the first Blizzard Challenge was held [19]

to compare corpus-based text-to-speech synthesis tech-

niques using standardized datasets and evaluations. The

Blizzard Challenge has run almost every year since, and

it has been an important initiative for documenting the

progress of speech synthesis research. Inspired by the

benefits of standardized datasets and evaluation met-

rics in the speech recognition community, the challenge

was developed to provide a common ground for compar-

ing different synthesis techniques. As there is no obvi-

ous “best” evaluation for synthesized speech, the chal-

lenge organizers chose to run a variety of listening tests,

namely MOS and sentence transcriptions of both SUS

and carrier sentences containing words from MRT/DRT

word lists. This first edition of the challenge drew six

participating teams from three continents, and evalu-

ations were conducted online via the Blizzard home-

page, with participants being recruited through word of

mouth from communities of speech experts, volunteers,

and US undergraduate students. MOS tests and SUS

transcription tasks continued to be used in every subse-

quent Blizzard challenge, with tests for speaker similar-

ity being added in later editions on the recommendation

of the 2005 organizers. The evaluation methodologies

set forth by the Blizzard organizers have set a strong

precedent for speech synthesis evaluation.
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Although evaluations for naturalness and intelligi-

bility had become standard by this point, a 2007

book chapter [20] predicts that tone of voice, manner

of speaking, emotional expressiveness, and, generally

speaking, “interpersonal skills” will become more im-

portant for speech synthesis in the future, and so we

will need to find ways to evaluate these aspects as well.

Listening tests were very common by this point,

and a 2008 review [21] considers the various forms of

bias that should be considered when designing and re-

porting them. Three categories of bias are described:

biases arising from affective judgments (e.g., appear-

ance of the testing equipment, expectations, personal

preferences, emotions and mood), response mapping

bias arising from the test design (e.g. stimulus spacing

and frequency, perceptually nonlinear scales, and range-

equalizing bias, the inclination of listeners to try to use

the entire range of choices available to them), and in-

terface bias (e.g., the layout of the assessment scale and

the words chosen for the labels).

2.3. 2010s to the present: crowdsourcing, MOS,

and critiques

Unit selection-based synthesizers were still widely

used at the start of this time period, and the more flexi-

ble and smaller-footprint statistical parametric speech

synthesizers such as hidden Markov model (HMM)

based ones [22] had also emerged. Currently, neural

network-based synthesizers are dominant, with many

commercial systems achieving very natural-sounding

synthesis that cannot always be identified as computer-

generated by listeners [23].

Although listening tests were already being conducted

online in cases such as the Blizzard Challenge, labo-

ratory tests remained commonplace until crowdsourc-

ing platforms such as Amazon Mechanical Turk∗, which

launched in 2005, became popular, and especially af-

ter the CrowdMOS [24] open-source toolkit for running

MOS listening tests on Mechanical Turk was published

in 2011. Crowdsourcing platforms remove geographic

constraints and expand the pool of potential partici-

pants, and they also allow listeners to participate in ex-

periments in their own homes at a time of their choos-

ing. Crowdsourced tests also remove much of the control

that researchers have over their experiments, so thor-

ough quality control must be performed. A 2013 book

chapter on crowdsourcing for speech synthesis evalua-

tion [25] notes that the number of papers using crowd-

sourcing for listening tests had increased dramatically

by that point. The authors describe the most popular

∗ https://www.mturk.com

listening test paradigms at this time (SUS transcrip-

tion, MOS for naturalness, and pairwise comparisons;

we also begin to see references to listening tests measur-

ing speaker similarity, expressivity, and speaking style)

and best practices for crowdsourcing them, as well as

lessons learned from their own experiences (for exam-

ple, they recommend discarding a listener’s first three

answers since these fall into the listener’s learning or

calibration phase) and ways to filter out inattentive lis-

teners (e.g., by including some “gold” samples which

should always receive a high rating). The authors also

described listening tests that did not work well with

crowdsourcing, such as asking listeners to write a free-

text description of their impression of the audio and a

more diagnostic test including categorical choices about

potential types of synthesis errors, which had low lis-

tener agreement and was found to be too complicated.

The trend of introspection into how the speech syn-

thesis field conducts evaluations was continued in 2015

[26] in a study revisiting papers presented at Interspeech

2014. The authors list up the current most popular eval-

uation methodologies: MOS, differential MOS (DMOS;

similar to MOS tests but with a reference sample,

and listeners rate how different the test sample is; fre-

quently used to rate speaker similarity), preference tests

with and without references, transcription tasks, and

MUSHRA tests [27] (MUltiple Stimuli with Hidden

Reference and Anchor), which had emerged as a popu-

lar evaluation methodology by this time. MUSHRA is

a test originally developed for broadcast audio in which

listeners are presented with several systems’ samples at

the same time and they rate them on a sliding scale from

0-100. A reference sample of natural speech is included,

representing the upper bound, and the MUSHRA speci-

fication also requires the inclusion of a middle and lower

anchor, typically the reference sample low-pass-filtered

at 7 kHz and a 3.5 kHz in the case of broadcast audio,

although these are typically excluded in evaluations for

synthesized speech.

In the 2015 study [26], it was observed that although

there are many published guidelines for conducting the

various types of listening tests, in many cases these

guidelines are not followed. Analysis of the 2013 Bliz-

zard Challenge revealed that at least 30 listeners should

participate in listening tests in order to obtain reliable

results, and the authors list some best practices for con-

ducting listening tests for synthesized speech and re-

porting on their design. Another paper from the follow-

ing year [28] observes the overwhelming popularity of

MOS tests for evaluating various types of media, and

points out many shortcomings, such as that MOS is not
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suitable for longer clips or for distinguishing fine-grained

differences, the typical labels used for scoring are not

perceptually linear, the typical procedure of removing

outliers may remove completely valid differing opinions,

and that the same final MOS can be obtained even af-

ter averaging some very different distributions of scores,

so two systems may appear to be equivalent when they

are actually quite different. Furthermore, they reiterate

the warning that it is not valid to compare MOS across

different studies.

With crowdsourced MOS tests becoming the most

widely used evaluation paradigm for synthesized speech,

a trend of critiques of MOS arose, along with a call to

design more thoughtful, less saturated, and more eco-

logically valid evaluations. A 2019 position paper [29]

points out that typical MOS tests evaluate isolated sen-

tences, which is neither realistic nor especially mean-

ingful, and that the community should consider con-

textual appropriateness and more task-driven evalua-

tions as well as revisiting comprehension. A 2016 study

[30] reexamined the multiple-choice comprehension test

paradigm, testing natural speech and statistical para-

metric speech synthesis (SPSS) in a conversational do-

main. Although listeners reported that the comprehen-

sion task with synthesized speech was more difficult,

the measured comprehension results were not signifi-

cantly different between systems, reaffirming that com-

prehension tests are saturated and that more sensitive

methodologies need to be developed. A 2017 study [31]

designed a novel evaluation approach for interactions

with a virtual avatar with different voice synthesis con-

ditions and compared the outcome to the usual audio-

only evaluation, observing smaller effects in the results

of the interactive study, highlighting the difficulty in de-

signing ecologically-valid evaluation paradigms. Atten-

tion also turned to the choice of listening test material,

with a 2019 study [32] comparing MOS evaluations of

synthesized paragraphs and the same sentences in iso-

lation. They found that synthesized paragraphs were

rated lower than the same sentences in isolation, even

though natural speech paragraphs were rated higher

than their isolated sentences, and that variations in the

context provided to listeners changed their responses.

A follow-up study from 2021 [33] evaluating sentences

in isolation and in context found that the instructions

presented to listeners had a strong effect, with different

results obtained by asking them about “naturalness” vs.

“appropriateness.”

One common critique of MOS tests is that “natu-

ralness” is not well-defined and that listeners may be

considering different aspects of the audio when they

decide their ratings [29, 34, 35]. Although it has been

observed that the reliability of MOS tests shows that

listeners still somehow know what to do despite the ap-

parent vagueness of the task [36], it is a valid point that

we may want to know which facets of naturalness are

affecting listeners’ judgments, for more diagnostic pur-

poses. A 2023 study [35] asked listeners to provide a

short free-text response at the end of the listening test

to describe what criteria they used to assess natural-

ness, finding that listeners generally interpreted this as

how “human-like” the audio sounded. Another study

from around the same time [37] conducted a very fine-

grained listening test, asking listeners to rate synthe-

sized samples on over 40 properties in eight broader cat-

egories such as human-likeness and audio quality. Lis-

teners were also asked to mark audio samples in the time

domain for where points of unnaturalness especially oc-

cur. Listener agreement was found to be lower on these

more fine-grained and well-defined categories compared

to prior studies using basic naturalness MOS; however,

these kinds of in-depth listener studies are an impor-

tant step towards better understanding listeners’ behav-

ior and designing more thoughtful, comprehensive, and

diagnostically-useful evaluations.

A 2018 study [38] advocated for the use of pairwise

comparisons instead of MOS, showing evidence that

MOS may have become saturated around 2013, and

emphasizing the ability of pairwise comparison tests

to make finer-grained distinctions. Two later studies

from Interspeech 2023 both independently came to the

conclusion that standard confidence intervals computed

from MOS tests tend to be overly optimistic and that

pairwise comparison tests are preferable based on empir-

ical studies of real listening test data. The first of these

[39] looked at replicated MOS and comparison tests and

found that the fact that the same listener rates many

stimuli breaks the independence assumptions that are

made when computing confidence intervals, and that us-

ing cluster-based methods to compute them mitigated

this. They also found that the results of pairwise tests

were less influenced by the number of listeners compared

to MOS tests, indicating that they are preferable to use

especially if few listeners are available or if the synthe-

sis systems under comparison are similar in quality. The

second study [40] demonstrated empirically on a large-

scale MOS dataset that huge amounts of samples, more

than it is realistic to collect, are required in order to

obtain small enough confidence intervals, computed us-

ing various different tail probability methods, to result

in meaningful system rankings using MOS. They also

advocated for the use of pairwise comparisons instead.
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Several other studies [34, 41–43] revisit the context de-

pendency of MOS, showing how changing the systems

included in the listening test, scale instruments, and in-

structions can affect final MOS results, and that notably

[43], MOS tests as they are typically run have become

saturated and lost their ability to make meaningful dis-

tinctions between current systems, indicating a need for

better evaluation methodologies going forward.

3. Automatic evaluation for synthetic
speech

Despite the relative ease of conducting crowdsourced

listening tests online, especially compared to the days

of scheduling local listeners to come to the lab in person

and record their answers on paper, evaluation is still a

bottleneck for experimental iteration and development

of speech synthesizers. Many speech and language tasks

come with automatic objective evaluation metrics, such

as word error rate for automatic speech recognition and

the BLEU score [44] for machine translation. In con-

trast, speech synthesis still lacks strong and agreed-upon

objective evaluation metrics. Researchers have made ef-

forts to address this gap by using metrics developed for

telephony, finding acoustic correlates of human evalua-

tions, measuring degradations compared with a ground-

truth audio sample, and using data-driven machine-

learning-based approaches.

Although claims have been made that automatic eval-

uation of speech synthesis should be difficult or impos-

sible, this has not discouraged researchers from direct-

ing efforts toward more objective evaluation methodolo-

gies. There are several ways to categorize these methods.

First, a model-based method learns a model from data

to make the prediction, while a signal-based metric does

not require learning such a model. Second, an intru-

sive (or double-ended) method requires a reference signal

for comparison, and a non-intrusive, (or reference-free,

single-ended) method does not require a reference.

3.1. Difficulties in automatic evaluation of syn-

thetic speech

Objective evaluation of synthesized speech is ex-

pected to be difficult for several reasons. First of all,

there is the so-called “one-to-many” problem – for any

given condition (text, style, environment, etc.), there

may be countless ways to realize it that would be con-

sidered correct and natural. While we may evaluate a

synthesized utterance by comparing it to a ground-truth

one, we may be unfairly penalizing perfectly valid dif-

ferences in prosody, timing, and pronunciation. How hu-

mans produce and perceive prosodic variations is also

still not well understood [20].

Second, the types of artifacts encountered in synthe-

sized speech, and the types of unnaturalness, are varied

and also fundamentally different from those encountered

in telephony. While noise can be a major cause of degra-

dation in communication networks, this is typically not

an issue for speech synthesis models that are developed

using clean data, whereas discontinuities arising from

concatenation points in unit selection synthesis, and is-

sues like unnatural prosody are sources of unnaturalness

that are specific to synthesized speech. It is also un-

known whether certain subjective traits of speech corre-

spond to objectively measurable components of a signal

[29].

Last but not least, listening tests fundamentally col-

lect information about subjective preferences, which can

be expected to vary based on individual differences or

contextual elements of the test [21]. Calibration to dif-

ferent listening test contexts would be necessary, but

the best practice is still unknown [28].

3.2. Speech quality assessment metrics from

telephony

Although there have been many signal-based metrics

for objectively measuring the signal quality of speech

that is transmitted over noisy telecommunication net-

works, in this section we will limit the scope to those

that have been adopted for evaluating speech synthesis

in particular.

The Mel-cepstral distance (MCD) measure [45] com-

putes the difference between the Mel cepstra of a ref-

erence and test speech sample. The perceptually mo-

tivated Mel cepstrum was hypothesized to be a better

match for subjective ratings than the previously used

standard cepstrum, which was validated by experiments

showing that MCD had better correlations with sub-

jective ratings of low-bitrate coded speech with simu-

lated channel conditions than cepstral distance. 15 years

later, MCD was tested for evaluating synthesized speech

[46] in the context of facilitating the development of

speech synthesizers in new languages by non-experts.

While small differences in delay have to be accounted for

when using MCD for telephony, the alignment between

a ground-truth speech sample and the corresponding

synthesized sample may be completely different. The

authors propose both the use of dynamic time warp-

ing (DTW) to address this, as well as the idea of using

“gold” durations for synthesizing samples to be eval-

uated with MCD. While small differences in phoneme

durations are unlikely to affect naturalness ratings, this

approach cannot identify problems with duration mod-
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eling. The authors also point out that MCD is not suit-

able for finding problems like discontinuities in the f0

contour. Nevertheless, they found it to be a reasonable

proxy for subjective opinions during development.

The Perceptual Evaluation of Speech Quality (PESQ)

was developed for the objective evaluation of speech

over narrow-band telephone networks and codecs, and

standardized as ITU-T Recommendation P.862 [47].

This metric was designed to model human perception

by estimating MOS. The PESQ algorithm aligns test

and reference signals taking into account the possibly

variable time delays that can occur in VoIP. Then, mea-

sures of absolute and additive disturbances are com-

puted which are converted into a final score [48]. A

third-order polynomial is fitted to a real MOS dataset

to convert the final PESQ score into a final MOS-like

value. Although learning is involved in the development,

we discuss PESQ here because (1) a thrid-order poly-

nomial is too simple for PESQ to be categorized as a

model-based approach, and (2) most researchers use it

off-the-shelf without re-training it on new datasets. It

is noted in the recommendation that PESQ specifically

measures the effects of one-way speech distortion and

noise, and that it was not designed to measure loudness

loss, delay, sidetone, echo, or other impairments.

Despite not being designed for the assessment of TTS,

several works have employed PESQ for this purpose

anyway, to determine its usefulness as a potential objec-

tive measure, with widely varying results. A 2005 study

of single-word synthesis using three diphone synthesiz-

ers [49] found very high Pearson correlations of 0.99

between PESQ and MOS ratings, and the authors con-

cluded that it would be possible to use PESQ instead

of listening tests going forward. A later study in 2011

[50] did similar experiments using data from Blizzard

2008-2010 listening tests and found very low correla-

tions of 0.17. They hypothesized that time alignment

was the issue and that the previous study was affected

less by that since they had been using short samples

of individual words instead of full sentences. Neverthe-

less, they also tried using individual words cut from

the Blizzard samples, but correlations between PESQ

and MOS remained low, indicating that PESQ is not

well-suited for evaluating the larger variety of synthe-

sis methods represented in the Blizzard data. One more

2015 study [51] evaluating PESQ correlations with Bliz-

zard datasets from 2008-2013 found that the correla-

tions with MOS were close to 0.

The subsequent P.563 recommendation [52, 53] was

the first reference-free measurement developed by the

ITU, and the ANIQUE+ [54] reference-free model for

narrow-band telephony was adopted as an ANSI stan-

dard shortly thereafter. Following PESQ, P.563 was de-

signed to model human perception and predict MOS

for narrow-band telecommunications and is not recom-

mended for other purposes. P.563 considers three main

categories of distortion: unnaturalness of speech (with

separate analysis for male voices, female voices, and

voices that sound strongly robotic due to distortion),

strong additional noise (including low static signal-to-

noise ratio (SNR) and low segmental SNR), and other

distortions such as interruptions, mutes, and time clip-

ping, in which the algorithm distinguishes between nor-

mal word endings and signal interruptions. A dominant

distortion class is identified and the distortion mea-

sures are combined with distortion-dependent weight-

ings. These final scores can be converted into an MOS-

type value using a third-order polynomial calibrated

against real MOS data, similar to PESQ. While P.563

correlates well with MOS for the intended conditions, it

was shown to not correlate well when used for TTS [55].

Nonetheless, there still exist several works using P.563

as a baseline for comparison [56,57].

The root mean squared error (RMSE) and correlation

of f0 are measures that have been used for evaluating

intonation of synthesized speech, with RMSE f0 measur-

ing the distance between two f0 sequences, and the cor-

relation measuring how well changes in direction of the

f0 contour in the test sample match a reference sample.

As these measures grew in popularity, it became neces-

sary to verify their validity in terms of matching well

with human perception of differences in intonation con-

tours. This was done in a 1999 study [58] that collected

listeners’ ratings of audible similarity or difference in

the intonation of pairs of speech samples and then eval-

uated their correlations with RMSE f0, f0 correlation,

and other measures. While none of the correlations were

very high, RMSE f0 matched best with human ratings.

A 2013 study [59] investigated popular objective

and spectrum-based measures such as MCD, frequency-

weighted signal-to-noise ratio (FWS), cepstral distance,

log-likelihood ratio (LLR) based on linear prediction

models, and weighted spectral slope, and their correla-

tions with MOS ratings on three scales: speaker sim-

ilarity, naturalness, and how much background noise

was audible. The synthesizers under investigation were

HMM-based TTS systems that had been speaker-

adapted using either clean or noisy and enhanced target

speaker data. Linear correlations between the measures

under study and the MOS ratings showed that FWS cor-

related best with speaker similarity, MCD was the best

correlate of naturalness in the clean adaptation data
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condition, and LLR was the best correlate for all three

measures in the noisy adaptation data scenario.

3.3. Models for evaluation of synthetic speech

Early model-based approaches used methods such as

linear regression and support vector machines (SVMs),

with neural network-based approaches growing in popu-

larity as more and larger MOS-labeled datasets became

available. In more recent years, self-supervised learning

(SSL) based speech models have been proven to be use-

ful for a huge variety of downstream tasks, including

MOS prediction for synthesized speech.

It is worth mentioning that by 2015, commercial

API-based automatic speech recognition (ASR) models

had been shown to have good correlations with human

transcriptions of SUS [60], and this remains a popu-

lar method for evaluating intelligibility of synthesized

speech today [61,62]. Attention errors such as skips and

repeats can also be counted in the case of attention-

based neural synthesizers [63]. However, this section will

mainly focus on prediction of more subjective aspects of

synthesized speech such as naturalness and quality.

3.3.1. Early attempts at machine learning based syn-

thetic speech quality prediction

A study in 2008 [55] was one of the first works that in-

vestigated model-based methods. They first showed that

although the P.563 measure [52,53], which was designed

for narrow-band telephony, had poor correlations with

subjective quality ratings of synthesized speech, several

internal features in fact had higher correlations (with

some dataset dependency), indicating that useful infor-

mation was being extracted. They thus proposed an ap-

proach using a regression tree and several of the internal

P.563 features that were determined to be informative.

A follow-up study in 2010 [64] investigated different

combinations of three sets of features for predicting sub-

jective opinions: internal P.563 features, log-likelihoods

from a reference HMM trained on natural speech, and

a large set of over 1500 general acoustic features such

as ones related to signal duration, formants, intensity,

pitch, and spectrum. Experiments using a linear regres-

sion model revealed that the best correlations (in the

range of 0.7-0.8) with listening test results from Bliz-

zard 2008 [65] and 2009 [66] were obtained when all

three types of features were used.

The same group further investigated whether

prosodic and MFCC-based acoustic features correlated

with MOS on a more challenging Blizzard 2012 dataset

[67], which had an evaluation of synthesized paragraphs

in the audiobook domain [68]. They investigated a set of

prosodic and micro-prosodic features such as f0 mean,

standard deviation, dynamics, rhythm parameters, jit-

ter, and shimmer, as well as a set of MFCC-based fea-

tures. Using feature selection methods and SVM clas-

sifiers, they found that the MFCC-based features were

more informative than the prosodic ones, but that once

again their combination produced the best results. In

2015, they continued their investigations predicting as-

pects of voice naturalness, prosody, and intelligibility

using large acoustic feature sets and SVMs, this time

introducing a nonlinearity in the form of a “regular per-

ception range” which is derived for each quality aspect –

this is the range in which correlation between the acous-

tic features and the quality rating is maximized, with

values outside of this range hypothesized to be less per-

ceptually salient and therefore ignored. Incorporating

this nonlinear perceptual regularization into their SVM

prediction pipeline produced correlation coefficients up-

wards of 0.9, leading the authors to conclude that non-

linear modeling is necessary for this prediction task.

While the above-mentioned works focused on single-

ended methods, one study [51] developed a double-

ended naturalness prediction method for past Blizzard

data based on demiphone (a cluster of HMM states)

level degradations relative to a reference signal using

spectral and f0 features, with warping required to align

the durations. They found that this metric had the

added complication that sometimes there is not a per-

fect phonemic correspondence between synthesized and

natural speech due to valid pronunciation variations and

optional silences; nevertheless, they were able to obtain

system-level correlations in the 0.8 range with this ap-

proach.

3.3.2. Neural network-based synthetic speech quality

prediction

Deep neural networks (DNNs) have emerged as the

most popular approach for modern classification and re-

gression tasks in the past decade as the computational

resources and large-scale datasets needed to train them

have become more available. The task of evaluating syn-

thesized speech has been no exception, with synthesis

challenges providing ample MOS-labeled data.

Scientific challenges focusing on speech synthesis

are naturally suitable sources for training DNN-based

speech quality prediction models, owing to their scale.

In addition to the Blizzard challenge series which focuses

on TTS, in recent years the Voice Conversion Challenge

(VCC) series has also become a popular data source.

Founded in 2016 [69] and subsequently run in 2018 [70],

2020 [71], and 2023 [72], the VCC provides a platform
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for teams to compete in the task of voice conversion

(VC) using shared datasets and evaluations. The VCC

organizers also make the submitted audio samples and

their ratings from listening tests available, which has

been a valuable resource of large-scale listening test data

that has been widely adopted by researchers building

MOS predictors, with the 2016 and 2018 datasets being

especially popular.

Most of the papers described in this section use some

or all of the following evaluation metrics, which have

become standard, at both the utterance level and the

system level (averaging all the ratings for one synthesis

system into a system-level score) to measure how well a

predictor can predict human MOS ratings:

• Root mean squared error (RMSE): The aver-

age difference between actual and predicted MOS

values.

• Linear correlation coefficient (LCC): The ba-

sic correlation between actual and predicted MOS

values.

• Spearman rank correlation coefficient

(SRCC): Correlations of the rankings of the

actual and predicted MOS values – it may be

more useful for MOS predictors to predict the

ranks of systems correctly than to predict exact

MOS values.

• Kendall Tau correlation coefficient

(KTAU): Proposed for evaluating MOS predic-

tors [73] because it measures rank correlations in

a manner that is more robust to outliers.

Perhaps the first effort to attempt using neural net-

works for MOS prediction was in 2016 [57]. Several types

of models were applied to the prediction of MOS ratings

from six past years of Blizzard Challenges, with per-year

mean normalization and per-system variance normal-

ization applied to enable combining the datasets into

one large-scale dataset. They compared linear regression

models to neural networks and a hierarchical approach

was used, with a system-level score being predicted first

and then that prediction being used as a feature for

stimulus-level prediction, based on the observation that

system-level scores were more predictable and the in-

tuition that knowing the system-level score should be

informative for predicting the score for a single sample

generated by that system. They found that using neu-

ral networks for both prediction stages worked better

than linear regression, and that features extracted from

a convolutional neural network (CNN) improved cor-

relations over using features from P.563, MFCCs, and

cepstral features.

AutoMOS [74] appeared shortly thereafter for the

evaluation of production-grade unit selection synthesiz-

ers. As in prior studies optimizing the cost functions

for concatenative synthesizers, the authors aimed to de-

velop a metric they could use to better tune their cost

functions. They investigate LSTM-based architectures

with some automated hyperparameter tuning for pre-

dicting MOS of multiple years’ worth of internal lis-

tening test datasets of ratings of several iterations of

their US English TTS system. They found that there

was inadvertently some predictive power of the text in

their dataset, with more common utterance types hav-

ing higher MOS. They also began using AutoMOS to

tune the development of their TTS, and they also sug-

gest that it can be used in the future to automatically

select utterances to include in human listening tests to

make those tests more efficient.

MOSNet [75] was the first attempt to automatically

predict the subjective quality of converted speech. The

methodology was largely based on Quality-Net [76], a

model for subjective assessment of enhanced speech. In

the MOSNet paper, they used the VCC 2018 data to

train CNN, BLSTM, and a combination CNN-BLSTM

architecture with raw magnitude spectrogram input for

MOS prediction, finding that the last one worked the

best, with a system-level SRCC of around 0.9. The VCC

evaluations also contain DMOS ratings for speaker simi-

larity in addition to MOS ratings for naturalness, so the

MOSNet authors also modified their system to predict

speaker similarity by accepting two input audio sam-

ples, a test sample, and a reference, making MOSNet

the first deep learning based model for both quality and

similarity prediction of voice-converted samples. Their

system was published as open-source code and it was

trained on freely-available data, so it became a popular

benchmark system in subsequent work.

A later study [73] trained the MOSNet architecture

on ASVSpoof 2019 Logical Access data [23] which con-

tains samples from both TTS and VC, comparing eight

different input representations in addition to the origi-

nal spectrogram input to determine the best one. These

included image-based embeddings of the spectrogram

as well as several x-vector [77] variants designed to ex-

tract different types of information, and it was found

that the embeddings of spectrograms worked well for

evaluating TTS systems. Crucially, they observed that

pretrained MOSNets did not generalize well to new

datasets and synthesis systems, and they recommend

retraining MOSNet when switching datasets.

Some improvements to MOSNet were proposed [78]

including the use of learned global quality tokens

(GQT), inspired by global style tokens for TTS [79]

and intended to reflect the criteria used by listeners

10



Evaluation of Synthetic Speech

in making their judgments, and an encoding layer that

better aggregates frame-level scores into utterance-level

ones by incorporating information about their distribu-

tions. The combination of the two proposed improve-

ments was shown to improve MOS prediction on the

in-domain VCC 2018 test set, but the original MOSNet

had the best system-level correlations when testing on

VCC 2016 in a cross-dataset condition, once again re-

vealing the difficulty of cross-domain MOS prediction.

3.3.3. Listener modeling in synthetic speech evaluation

A technique that has been gaining attention is listener

modeling. In MOS tests, ratings from multiple listen-

ers are averaged together to get one value representing

the quality of each utterance. This results in datasets

that are a fraction of the size of the actual number of

collected labels. With the intuition that modeling in-

dividual listeners’ ratings could effectively increase the

amount of available training data and explain variations

in the scores, listener-dependent modeling has emerged

as an effective approach to MOS prediction.

MBNet (Mean-Bias Network) [80] was the first work

to consider the use of per-listener scores for MOS predic-

tion. They incorporate a mean subnet and a bias subnet

that allows the network to learn the personal preferences

of individual listeners, which can vary widely, in addi-

tion to the averaged scores. The mean subnet predicts

the averaged score similar to previous works, and the

bias subnet predicts the difference between the mean

score and an individual listener’s score, given the lis-

tener ID. During inference, a specific listener ID can be

input to predict his or her rating, or the bias net can

be discarded and a prediction may be generated by the

mean net only. Trained on VCC 2018 and evaluated on

both its test set and the VCC 2016 data, MBNet was

shown to improve over the MOSNet baseline.

LDNet (Listener-Dependent Network) [81] further

proposed several improvements over MBNet. The au-

thors first hypothesized that the speaker bias can be

modeled using few parameters and made the bias net

lightweight. Instead of discarding the bias net during

inference, they further proposed two inference modes:

(1) an “all listeners” mode, which averages over the pre-

dicted decisions of all of the listeners seen in training,

and (2) a “mean listener” mode, where a “virtual” lis-

tener is created during training whose rating is always

the mean score of a given audio sample. LDNet was

shown to outperform MBNet, with the “mean listener”

mode giving the best results.

DeePMOS (Deep Posterior Mean-Opinion-Score) [82]

estimated a posterior Gaussian distribution of MOS rat-

ings. This was accomplished by extending MBNet to

output a predicted variance in addition to the mean.

This approach improved MSE and system-level correla-

tions over MBNet, and also provides more interpretable

predictions in the form of distributions as opposed to

point estimates.

3.3.4. SSL-based approaches

In parallel to listener modeling, another technique

that has been gaining more attention is the adaptation

of SSL-based speech models. The application of SSL to

speech was first shown to produce excellent results in

speech recognition [83], and has since become the dom-

inant approach in almost all speech processing tasks

[84]. Using an SSL-based speech model requires two

stages: (1) self-supervised pre-training on large quan-

tities of unlabeled speech audio for some pretext task,

such as contrastive learning, as in the case of Wav2vec

2.0 [83], or prediction of masked regions, as in the case

of HuBERT (Hidden-Unit Bidirectional Encoder Repre-

sentations from Transformers) [85], and (2) appending a

task-specific prediction head on the SSL model and fine-

tuning with a downstream labeled dataset. The repre-

sentations learned in the first stage have been shown to

have excellent capabilities for a large variety of speech

downstream tasks at many levels, from phoneme recog-

nition and speaker identification to emotion recognition

and intent classification [86].

In 2021, the first effort to use SSL models for the MOS

prediction task was made [87]. They compared the use

of several different pretrained SSL models as encoders,

followed by attention-based pooling of the output frame-

level vectors, to the use of classical features like MFCCs.

The SSL model parameters get updated during training

with MOS-labeled data along with the rest of the model

parameters. They also incorporated listener modeling

in a similar manner to MBNet. As in previous studies,

they trained on VCC2018 and tested on both VCC2018

and VCC2016, showing improvements in both cases but

especially in the in-domain scenario.

The SSL-MOS model [88] used an even simpler SSL-

based architecture for MOS prediction without any lis-

tener modeling, trained and evaluated on more diverse

datasets including both voice conversion and TTS sam-

ples in several languages. Compared to MOSNet pre-

trained on VCC 2018 and finetuned to a mixed dataset

of voice conversion and TTS samples, the SSL-based

MOS predictors showed superior generalization ability

to out-of-domain datasets with unseen systems, even

showing reasonable correlations in the very challenging

zero-shot condition.

11



Acoust. Sci. & Tech.

A later work [89] considered that prosody and con-

tent are important to consider when evaluating natu-

ralness. After collecting a large-scale dataset called SO-

MOS (Samsung Open MOS) [90] of MOS ratings for

samples from 200 neural synthesizers with an empha-

sis on producing prosodic variations, they proposed a

content-aware approach to MOS prediction. They in-

cluding prosodic features (phoneme-level f0 and dura-

tion) and linguistic features extracted from the known

text of the synthesized utterances (Tacotron [91] en-

coder outputs, part-of-speech tags, and BERT [92] em-

beddings), and added encoders for these features to sev-

eral different MOS predictors trained on SOMOS. Their

results demonstrated that the linguistic features gave

improved results for SSL-MOS, especially at the utter-

ance level, and also that training converged more quickly

when these features were used.

The authors of a system called RAMP (Retrieval-

Augmented MOS Prediction) [93] considered adding a

non-parametric component to the decoder of an SSL-

based MOS predictor based on k nearest neighbors, con-

sisting of a datastore of the SSL representations of the

training audio samples and their corresponding MOS

scores. A score can be predicted by retrieving the k near-

est neighbors of an input audio sample and obtaining a

distance-weighted sum of their scores, which can then

be fused with the prediction from the standard decoder.

This approach was shown to improve predictions com-

pared to basic SSL-MOS, especially for out-of-domain

prediction.

The SQuId project [94], while also based on SSL, was

the first massively multilingual research effort towards

MOS prediction for synthesized speech. The basis of

their model is a multi-modal language model pre-trained

on a combination of unlabeled speech, text, and paired

text and speech data. Audio is input as a spectrogram,

and the model is fine-tuned for the MOS prediction task

as regression. They trained it on MOS ratings from over

2000 internal projects for 52 language locales, and the

evaluation data included several “zero-shot” locales that

had been unseen during training. They found some ben-

efits of transfer learning by including data from many

languages, and they also found evidence that these ben-

efits did not in fact depend on language similarity, in-

dicating that there are aspects of naturalness that are

not language-dependent.

3.3.5. Unsupervised approaches for synthetic speech

quality prediction

The above-mentioned models are trained in a super-

visedmanner on datasets with score labels, which can be

difficult to collect. It is therefore of interest to develop

unsupervised approach that requires no MOS-labeled

data. A popular idea is to develop a reference model.

This idea is opposed to the use of a reference sample in

double-ended quality prediction methods, which suffers

from two problems: (1) a reference sample may not al-

ways be available, and (2) the consequence of the “one-

to-many” problem is that perfectly acceptable utter-

ances may be unfairly penalized if they differ from a ref-

erence. In contrast, a reference model can be viewed as

prior knowledge of natural speech, and it can be trained

using a large amount of natural speech samples. Quality

prediction could be achieved by measuring the distance

between the input speech and natural speech defined by

the reference model. This line of work shares the same

concept with unsupervised anomaly detection [95]. Al-

though this approach to synthesized speech quality pre-

diction has remained largely under-explored, there have

been several studies on this topic.

In 2008 [56], gender-dependent HMMs were trained

on natural speech and used as reference models. A log-

likelihood measure with respect to these reference mod-

els was then computed from features extracted from

synthesized speech. These log-likelihoods were shown to

be useful for predicting several quality dimensions of a

P.85-type listening test, with MOS scores for overall im-

pression, naturalness, and fluency having the best cor-

relations. Correlations on all eight of their rating scales

were also higher with this log-likelihood measure than

with P.563 scores. Because this study used “black box”

commercial API-based synthesizers, they did not have

access to the original training data for those systems,

so they built their reference models using speech from

different speakers.

A 2013 study [96] built Gaussian mixture models

(GMMs) of the distributions of acoustic feature vectors

extracted from the natural speech of their TTS training

data, vocoded using the same vocoder as their HMM-

based synthesis pipeline, resulting in reference models

that are very well-matched to their target conditions.

They measured the likelihoods of the reference GMMs

with respect to their model’s generated acoustic space

and proposed this as an objective measure of synthe-

sis quality. A later study [97], inspired by methods in

automatic speech recognition, measured the Kullback-

Leibler divergence between GMMs of natural and syn-

thesized speech from three different HMM synthesizer

variants. They found very high (over 0.9) correlations

with MOS ratings.

Most recently, SpeechLMScore [98] measures the like-

lihood of a synthesized audio sample with respect to
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a generative speech unit language model which has

been pretrained on natural speech. They evaluated their

score’s correlations with MOS ratings for voice conver-

sion, TTS, and speech enhancement datasets. In par-

ticular, they found that their approach had better cor-

relations than supervised systems that were trained on

data from mismatched domains, indicating the superior

generalization ability of this approach.

A paper analyzing the behavior of pretrained SSL

models [99] demonstrated that uncertainty measures de-

rived from these models correlated well with MOS rat-

ings, without any finetuning for the MOS prediction

task. The authors investigated a variety of different pre-

trained SSL models as well as languages of the synthe-

sized speech and found that in particular, contrastively-

pretrained wav2vec [100] models had the best corre-

lations in all settings. These experiments demonstrate

that even without being exposed to any synthesized

speech data during training, SSL models still encode

some information corresponding to human judgments

of naturalness.

3.3.6. Beyond predicting quality of synthetic speech

Objective scores for synthesized speech may not only

be used for evaluation, but also for other purposes such

as system development. Introducing models of human

perception into the development of speech synthesis en-

gines can serve to produce synthesized speech that bet-

ter matches human preferences. There were many such

efforts during the age of concatenative speech synthe-

sis. Concatenative text-to-speech synthesizers typically

select speech units from a database of recordings by op-

timizing for a weighted combination of target cost, which

measures how well a selected unit matches the desired

phonetic sequence and the target prosodic aspects such

as f0 and stress, and join cost, which penalizes unit con-

catenation boundaries that are audibly jarring or dis-

continuous. The main function of a concatenative syn-

thesizer is to perform a search over the available speech

units using dynamic programming to find the best se-

quence of units that optimizes both of these costs. One

of the primary research tasks during the era of concate-

native synthesis was to find the best features to express

these costs, and to find the best way to weigh them.

Much of this research used human listening test data to

find expressions of these costs, especially the join cost,

that best matched human perception.

Many of these works investigated different distance

measures, such as Euclidean distance, the Kullback-

Leibler measure, and Mahalanobis distance, of a variety

of acoustic features that can be extracted from a speech

audio signal, such as Mel-frequency cepstral coefficients

(MFCCs), power spectra, and line spectrum frequencies

[101–103], measuring correlations of the final costs of

synthesized utterances with their human ratings. Cost

weights could be optimized towards the perceptual re-

sults using methods such as downhill simplex [104], and

the best ways to compute and combine costs from indi-

vidual units were also considered, with one study [105]

finding that the average cost of a unit sequence cor-

related better with human perception than maximum

cost, and that the root mean squared cost, which com-

bines both the average and the maximum, having the

best correlation of all. Later work [106] considered how

to extract common useful knowledge from differing lis-

tener opinions. Naturalness predictions were also ap-

plied in a dialogue system setting [107], where predic-

tions of naturalness based on the costs reported by the

synthesizer as well as textual features using knowledge

of how often words appeared in the recording script for

their unit selection database were used to choose the

paraphrasing of the generated dialogue that was most

likely to sound the best when realized by the synthe-

sizer.

More recently [108], a Transformer-based TTS model

[109] was trained using a loss function that included a

predicted MOS term. While they did not observe signifi-

cant improvements in the synthesized speech under nor-

mal training conditions when they included this term,

they found that including it gave improvements under

low-resource data scenarios and when using knowledge

distillation to compress the model. Another recent pa-

per [110] found that using MOS prediction in a loop

of selecting multi-speaker audio data found online and

training synthesizers on that data could help to quickly

evaluate whether a given speaker’s data can improve the

synthesis model or not.

The works mentioned thus far mostly focused on

speech quality assessment. However, certain dimensions

in synthetic speech can be important, depending on the

target task. For instance, evaluating speaker similar-

ity is essential in tasks such as VC, voice cloning, or

speaker-adaptive TTS. While models like MOSNet can

be modified to model speaker similarity, designing mod-

els tailored to similarity prediction is an underexplored

field.

SVSNet [111] was based on MOSNet and focused on

speaker similarity evaluation. The authors considered

that symmetry needs to be enforced – speaker simi-

larity ratings should remain the same regardless of the

order in which the test and reference samples are pre-

sented. They achieved this using a co-attention mech-
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anism which can also handle content and length mis-

matches between the two samples, and they also intro-

duced raw waveform input using a SincNet [112] learn-

able filterbank in the encoder. They experimented with

both regression- and classification-based learning objec-

tives, finding that regression produced better results and

that their proposed system overall made better speaker

similarity predictions than MOSNet.

Although machine learning models of human judg-

ments of speaker similarity can be trained from listen-

ing test data, it has instead become common practice

to use cosine similarity between speaker embeddings ex-

tracted from an original audio sample from the target

speaker and a synthesized one [113, 114] using speaker

recognition models that have been trained on data from

thousands of speakers. An analysis of the results of VCC

2020 [115] showed high Pearson correlations above 0.8

between x-vector cosine similarities and listener ratings

for speaker similarity.

Another task related to MOS prediction for synthe-

sized speech is the task of spoofing detection. Multi-

task learning was considered for MOS prediction for the

first time in 2021 [116], where two auxiliary classifica-

tion tasks were added to MOSNet: spoofing detection (a

binary decision about whether the speech is synthesized

or real), and spoofing type classification (a multi-class

task that identifies which synthesis system was used).

They found that both auxiliary tasks improved predic-

tion on VCC data, with their combination producing

the best results of system-level SRCCs of around 0.96.

Conversely, MOS prediction was also shown to aid in

the task of fake audio detection [117].

3.3.7. Predicting rank order and pairwise preferences

Critiques of MOS point out that MOS is not absolute,

but highly affected by biases inherent in the entire con-

text of the listening test. Therefore, MOS values cannot

be meaningfully compared across different studies, and

more importantly, MOS datasets should not be naively

combined. This is a crucial limitation as modern neural

networks require very large quantities of labeled train-

ing data. Some prior work [57] combined MOS datasets

by using score normalization, while a later study [118]

allowed the network to learn how to do the normaliza-

tion by incorporating a bias-aware loss function that

approximates the specific bias of each dataset with a

first-order polynomial function. In effect, absolute errors

caused by the biases are not penalized, and the model

learns the correct ranking order within each dataset. A

later study [119] introduced a loss function that mea-

sures the differences between the predicted MOS values

between all pairs of samples in a mini-batch compared

to the differences in their actual values, effectively mea-

suring the correctness of the ranking of samples in a

mini-batch. This approach was shown to have benefits

over a traditional L1 loss, especially in zero-shot and

semi-supervised scenarios.

A system called PrefNet [120] outputs the probabil-

ity that one waveform would be preferred over another,

given a pair of audio samples that are expected to con-

tain the same lexical content but may vary in dura-

tion. Similar to SVSNet, it is important that the re-

sults are the same regardless of the order in which the

two samples are input; this requirement is enforced by

the use of anti-symmetric twin neural networks, and the

durational alignment problem is solved using attention

and RNNs. They derived large-scale pairwise preference

data from several MUSHRA tests by labeling pairs of

audio with how often one sample was rated more highly

than the other. They evaluate their model using per-

cent accuracy rather than correlations; depending on

the testing conditions, accuracies ranged from about 50-

100%. A later work aiming to predict pairwise prefer-

ences [121] derived a dataset of preference scores from

pairs of MOS ratings from the same listener, intending

to reduce listener bias – they found that this “same-

listener” constraint did in fact result in predictions with

better correlations. Their proposed model predicts ut-

terance scores for two samples, from which it can pro-

duce a preference score and also system-level scores ag-

gregated over all utterances from a given system. Exper-

imental results showed significant improvements over a

model that only predicts MOS for one input audio sam-

ple.

3.3.8. Learning from speech quality prediction in other

domains

In parallel with research on opinion predictors for syn-

thesized speech, researchers in speech quality estima-

tion for telephony and speech enhancement have also

been considering the use of deep neural networks for

predicting MOS ratings [122, 123] and relative compar-

isons [124] of degraded and processed natural speech.

Although the types of degradations that appear in syn-

thesized speech are different from degradations to nat-

ural speech due to noise and processing, these tasks are

nevertheless very related and it may be beneficial to

consider approaches such as transfer learning.

In one such effort [125], the authors use a CNN-LSTM

architecture that they had previously developed and

trained for speech quality estimation of degraded natu-

ral speech [126], and then they continued training the
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Table 1 Summary of the main track and out-of-domain
(OOD) track datasets in the VoiceMOS Challenge 2022.

Track Lang
# Samples # ratings

per sampleTrain Dev Test

Main Eng 4,974 1,066 1,066 8

OOD Chi
Label: 136

Unlabel: 540
136 540 10-17

model on MOS datasets for synthesized speech, includ-

ing Blizzard and VCC. They considered that it was im-

portant to evaluate on unseen synthesis systems and

so they held out some of the datasets for this purpose,

unlike many past works which use a randomly selected

test set. Despite evaluating on challenging unseen con-

ditions, they nevertheless had best correlations upwards

of 0.9, although interestingly they also found that ab-

lating the pretraining by replacing it with randomly-

initialized values only degraded the correlations by a

small amount.

4. The VoiceMOS Challenge 2022

In 2022, we launched the first VoiceMOS Challenge

[127], a shared task on the topic of MOS prediction for

synthesized speech, with the goals of encouraging re-

search on this topic and of unifying datasets and eval-

uation to make direct comparisons between different

approaches. The challenge attracted 22 participating

teams from academia and industry, accelerated research

and generated discussion on this topic.

4.1. Data and tracks

There were two tracks in the VoiceMOS Challenge

2022, namely the main track and the out-of-domain

track. Table 1 summarizes the datasets.

In 2021, we collected a large-scale dataset of MOS

ratings for synthesized audio samples as well as ref-

erence natural speech samples. We gathered English-

language synthesized audio samples from several past

Blizzard Challenges from 2008-2016 [65,66,128–131], as

well as from all previous Voice Conversion Challenges

[69–71]. We also wanted to include samples from more

recent systems, so we added publicly-shared samples

from ESPnet-TTS [132]. Altogether, we collected sam-

ples from 187 different systems (where natural reference

speech for each challenge is considered a “system” as

well) and selected 38 samples per system. We conducted

a large-scale listening test in which we obtained 8 rat-

ings per sample from 304 unique listeners. This data is

described in detail in our prior work [133] and has been

publicly released† as the BVCC dataset. This dataset

provided the material for the main track of the chal-

lenge. We created standard training, development, and

testing splits of the data containing 70%, 15%, and 15%

of the data respectively, holding out some unseen speak-

ers, synthesis systems, and listeners in the development

and test sets.

Additionally, we wanted to encourage participants

to investigate semi-supervised and unsupervised ap-

proaches to MOS prediction, so we also ran an out-of-

domain (OOD) track in the challenge. We used listening

test data from the Blizzard Challenge 2019 including the

original MOS ratings from the challenge evaluation, and

provided participants with 10% labeled training data

and 40% unlabeled (audio samples only) training data.

The remaining data was divided into a 10% development

set and a 40% test set, again including unseen systems

and listeners (but not speakers, as all of the samples

were from models trained on one speaker’s data). Bliz-

zard 2019 focused on Mandarin-language text-to-speech

synthesis, so 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.

The evaluation metrics used in the challenge were

system-level and utterance-level MSE, LCC, SRCC, and

KTAU, and system-level SRCC was chosen as the pri-

mary metric.

4.2. Baselines

Baseline systems were a simple SSL-based MOS pre-

dictor (SSL-MOS) fine-tuned on the BVCC data [88],

LDNet also trained on BVCC [81], and MOSA-Net [123]

which is also trained on BVCC. All three baselines are

publicly available, where participants were given ac-

cess to the pretrained models as well as the recipes

for training, finetuning, and making predictions on the

challenge datasets. These baselines represent a range of

approaches, with MOSA-Net using features extracted

from pretrained SSL models and other sources, SSL-

MOS conducting finetuning of SSL models, and LDNet

conducting listener-dependent modeling.

4.3. Team approaches

In the following, we reference and briefly summarize

papers released by participants, which either described

their submitted system or provided an analysis.
• The UTMOS (University of Tokyo MOS) system

(T17) [134] was one of the best-performing sys-

tems, scoring the highest on several metrics. It

† https://doi.org/10.5281/zenodo.6572573
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ensembles strong and weak learners. The strong

learners were modified SSL-MOS systems with ad-

ditional techniques, including contrastive learn-

ing, listener-dependent modeling, and phoneme

encodings. The weak learners were regression

models including linear regression, decision tree,

and kernel methods. The inputs to these weak

learners were SSL features. Finally, the team con-

ducted a listening test with the unlabeled set in

the OOD track and added a listening test ID to

combine multiple datasets from different listening

tests. They were in fact one of the few teams that

made use of the unlabeled set.

• The DDOS (Domain adaptive pre-training and

Distribution of Opinion Scores) system (T19)

[135] ranked second in three out of the four

system-level metrics in the main track. In their

system, in addition to regressing to the MOS

score, they also modeled the distribution of the

MOS ratings. They also applied data augmenta-

tion by changing the voice pitch. On the OOD

track, they used a domain-adaptive pre-training

technique which reduced MSE. They also provided

zero-shot results on the OOD track.

• The ZevoMOS system (T01) [136] was based on

SSL-MOS, but they used two SSL inputs and an

ASR confidence score. Moreover, the SSL models

were first fine-tuned on the FoR dataset [137] to

classify natural and synthetic speech, then fine-

tuned on the BVCC dataset.

• The system by JAIST (T08) [138] was based on

MOSA-Net with two key concepts: an auditory

filterbank and temporal modulation. A temporal

modulation feature on the gammatone filterbank

(TMGF) was concatenated with the HuBERT fea-

tures. They showed that this method could im-

prove prediction on utterances with a low MOS.

• The system from NICT (T11) [139] ranked first in

LCC, SRCC, and KTAU in both the main track

system level metrics and the OOD track utterance

level metrics. They proposed a fusion framework

exploiting seven SSL models. For the OOD track,

they applied semi-supervised learning to the un-

labeled set, which was shown to be very effective.

• The system from ByteDance AI-LAB (T20)

[140] ranked 4th in terms of both system- and

utterance-level SRCC. It was based on LDNet,

and they combined the main and OOD track

datasets with a shared encoder and separate de-

coders. The encoder was essentially a wav2vec 2.0

model fine-tuned for phoneme recognition.

• MooseNet [141] was based on SSL-MOS, and

their main idea was to apply PLDA. It trans-

formed frame-by-frame acoustic features into

time-invariant features by global pooling, an oper-

ation similar to that used to compute speaker vec-

tors for speaker recognition tasks. Applying PLDA

showed improvements compared to the vanilla

SSL-MOS.

• A comparison of SSL features and raw acous-

tic features like spectrograms was made in [142].

Starting from LDNet, they showed that combin-

ing wav2vec 2.0 and Mel spectrograms or F0 val-

ues can improve the performance, implying that

there is complementary information found in raw

acoustic features.

• An analysis focused on various factors when fine-

tuning SSL models [143]. Starting from SSL-MOS

based on wav2vec 2.0, they experimented with not

only synthetic speech but also natural speech in

noisy environments and transmitted over commu-

nication networks, and showed that fine-tuning

with mixed-lingual datasets and larger dataset

sizes could improve generalization performance.

• Another analysis focused on the metadata of the

BVCC dataset [144]. They used the SSL-MOS

model and added metadata information. They

showed the amount of error and correlation that

can be explained by metadata predictors such as

system and rater identifiers. They also showed

that since there were often only very few utter-

ances per system in the development and test

sets, utterance-level metrics were more informa-

tive than the system-level ones.

4.4. Lessons learned

Overall, we observed that finetuning SSL models for

the MOS prediction task is a powerful approach that

can produce predictions with very high correlations with

real listener ratings. However, we observed that predic-

tions for unseen systems in the OOD track were substan-

tially more difficult. This is important because this case

corresponds the most with a real-life use case for MOS

predictors – predicting MOS for a system which has not

been evaluated in a listening test before, and therefore

for which no MOS labels already exist. Furthermore, we

asked participating teams to fill out a survey including

questions about what types of tasks they would like to

see in future challenges, and many responses were about

including a larger variety of audio to evaluate, including

synthesis in more different languages, singing synthesis,

and noisy and enhanced speech.
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Table 2 Summary of the test phase data for each track in
the VoiceMOS Challenge 2023.

Track Type Lang Systems
Samples

per system
# ratings
per sample

Track 1a
Track 1b

TTS Fre
Hub: 21
Spoke: 17

42
34

15

Track 2
Singing
VC

Eng
In-dom: 25

Cross-dom: 24
80 6

Track 3
Noisy &
enhanced

Chi 97 20 5.3

5. The VoiceMOS Challenge 2023

The outcomes of the first challenge motivated our de-

sign of the 2023 edition of the challenge [145]. We fo-

cused on real-life MOS prediction in a variety of speech

domains. In the 2023 challenge, we did not provide any

MOS-labeled audio samples in two of the target do-

mains, and listening tests were ongoing at the same

time as the challenge, meaning that team predictions

were made before the actual ground-truth MOS values

were known to anyone. In total, 10 teams participated

in this year’s challenge.

5.1. Data and tracks

There were three tracks in the VoiceMOS Challenge

2023. Table 2 summarizes the datasets for each track.

We collaborated with the organizers of the Blizzard

Challenge 2023 [146] as well as the Singing Voice Con-

version Challenge 2023 (SVCC) [72] to acquire synthe-

sized samples from their teams for conducting MOS pre-

diction by our teams, while the Blizzard and SVCC lis-

tening tests were still ongoing.

The Blizzard Challenge 2023 focused on French text-

to-speech synthesis, with a Hub track of their chal-

lenge providing 51 hours of training data from a single

speaker, and a Spoke track providing 2 hours of data

from a different speaker, intended for speaker adapta-

tion. Therefore, Track 1 of the VoiceMOS Challenge

2023 was French TTS, and since the Blizzard listening

tests were conducted separately for their Hub and Spoke

tasks, we likewise divided this track into corresponding

Tracks 1a and 1b.

Since spoken voice conversion has reached near-

human levels of naturalness [71], in 2023, the VCC or-

ganizers decided to focus on the task of singing voice

conversion – that is, converting a sung audio sample to

a different speaker identity, using either sung (matched)

or spoken (mismatched) reference audio from the target

speaker. Track 2 of the VoiceMOS Challenge 2023 was

therefore singing voice conversion.

There was substantial interest from the participat-

ing VoiceMOS teams in 2022 to expand to noisy and

enhanced speech, and we also noticed many parallel ef-

forts towards more automatic evaluation methodologies

in the speech synthesis and speech enhancement com-

munities. Considering that these are similar tasks and

that there could be benefits from more communication

and collaboration between these communities, Track 3

was noisy and enhanced speech. Unlike the other two

tracks, where no MOS-labeled training data was pro-

vided to participants, we provided the TMHINT-QI

[147] dataset as training data, with a held-out devel-

opment set providing evaluation material for displaying

team scores on a leaderboard on our challenge website

during the initial few weeks of the challenge to encour-

age early participation and friendly competition. Dur-

ing the evaluation phase, a separate test set called the

TMHINT-QI2 [148] was curated, with the same noise

generation process, partially different speech enhance-

ment systems, and completely different raters.

5.2. Baselines

The baseline systems we included were SSL-MOS [88],

which had been the best-performing baseline in the pre-

vious challenge, and UTMOS [134], which was one of the

top team systems from the 2022 challenge that also had

an open-source implementation. We used models that

were pretrained on BVCC as baselines without any ad-

ditional development.

5.3. Team approaches

At the time of writing, only two teams have released

papers describing their systems, so we will briefly sum-

marize them below.

• The LE-SSL-MOS (Listener-Enhanced Self Su-

pervised Learning Mean Opinion Score) system

(T06) [149] showed promising results on all tracks.

This was considered impressive since most teams

did well on one track and performed badly on

the other tracks. There were several key ideas.

First, they employed model ensembling, combin-

ing scores for multiple models. These models in-

clude supervised learners, including a vanilla SSL-

MOS model and an SSL-MOS model enhanced

with listener-dependent modeling. They also in-

cluded unsupervised learners, where “unsuper-

vised” was defined as not using any MOS labels

during training. These unsupervised approaches

include a fine-tuned SpeechLMScore [98] model,

as well as ASR confidence scores.

• The SQAT-LD system (Speech Quality Assess-
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ment Transformer) (T03) ranked 4th in Track 1a,

2nd in Track 1b, and 1st in Track 2 [150]. They

also combined SSL-MOS with listener-dependent

modeling, where their SSL model was SSAST

[151]. They also proposed to combine the weighted

scores of each frame to better predict the over-

all score. Their model was trained on the main

and OOD datasets from the VoiceMOS Challenge

2022, and they also included a bias-aware loss

[118] to enable training on multiple datasets.

5.4. Lessons learned

From the system descriptions that the teams sub-

mitted, we found that listener-dependent modeling was

more popular this year, and teams that used a mix of

different training datasets (BVCC, SOMOS [90], past

Blizzard original data, etc.) also tended to do better. Al-

though we shared pointers to the training datasets of the

Blizzard Challenge 2023 and Singing Voice Conversion

Challenge 2023, as well as other relevant datasets with-

out MOS labels, no teams made use of those datasets.

We were surprised that many teams had good predic-

tion results for the singing track, especially since none

of the teams reported using any singing data to develop

their systems. We suspect that the domain mismatch

between synthesized singing and speech is not as large

as we had assumed. Furthermore, we also observed that

many teams had large gaps between their results for

Tracks 1a and 1b, although not in any consistent direc-

tion across teams. Upon investigating the training data

for the Blizzard Hub and Spoke tasks, we observed that

the Spoke data contained audible reverberation whereas

the Hub data did not, which may have been one of the

reasons for this result.

For Track 3, we observed generally higher scores,

where some training data was made available, com-

pared to the other tracks, where there was not. We

also observed 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.

6. Future prospects and challenges

Researchers in speech synthesis have long considered

the best ways to compare and evaluate speech synthesis

methods, and reliable objective evaluation metrics have

been a long sought-after goal. Several decades ago, lis-

teners visited research laboratories in person to listen to

synthesized samples and transcribe them by hand. Now,

crowdsourced MOS tests can be conducted quickly and

conveniently, and powerful self-supervised speech repre-

sentations and large-scale MOS datasets have brought

us closer to the goal of objective metrics. Predicted

MOS values are already being reported in some TTS

and voice conversion papers as an objective evaluation

metric alongside subjective listening test results [72,152]

as well as other now commonly accepted automatic mea-

sures such as ASR word error rate and cosine similarities

of speaker embeddings. MOS predictors are also being

used in research applications such as in loss functions

for training TTS systems [108], data selection for build-

ing TTS models from found data [110], and to aid in

fake audio detection systems [117].

There have been several studies demonstrating that

MOS tests may have become saturated and lost their

ability to meaningfully differentiate between modern-

day synthesizers [38, 40, 43]. Pairwise comparison tests

have been shown to mitigate this. The testing mate-

rial can also be chosen to better highlight differences

between systems, thereby making listening tests more

efficient [153], a task that some have suggested can be

facilitated by automatic quality predictors as well [74].

Zero-shot general-purpose quality prediction of syn-

thesized speech still remains an open research problem,

with calibration to different domains and listening test

contexts remaining a challenge. MOS predictors can be

used for applications where the audio data is from a

similar domain to that with which the predictor was

trained; however, what constitutes “similar enough” still

remains an open question. Care must be taken when re-

porting and understanding objective evaluation results

given by MOS predictors, and we still need to accu-

mulate more knowledge on MOS predictors and their

behavior on different out-of-domain datasets before we

can fully accept them as a replacement for human lis-

tening tests.

With the increasing attention being paid to the prob-

lems with MOS tests and “naturalness” as a target,

there is a growing interest in other evaluation method-

ologies and their automation. Pairwise preference pre-

dictors are one step in this direction, and, more gen-

erally, objective evaluation methods that can directly

output a ranking of multiple systems as opposed to

MOS values would be interesting future work. There

is also substantial evidence that MOS as a listening test

methodology is no longer sufficient. It is important to

consider more comprehensive listening test methodolo-

gies that consider factors such as context appropriate-

ness and other aspects of listener opinions, as well as

how we can incorporate these factors into automated

evaluations. Data scarcity will always be an issue in
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terms of the availability of MOS-labeled data for ev-

ery possible domain, context, or question that we ask

listeners, so unsupervised and semi-supervised meth-

ods are an important future research direction. Meth-

ods that enable the combination of smaller or heteroge-

neous datasets, such as models that learn pairwise pre-

dictions or rankings, will be useful for addressing this

as well. Furthermore, interpretable opinion prediction

for synthesized speech remains under-explored – there

are many possible reasons why a listener might assign a

sample a low score, and knowing the reason why a sam-

ple’s predicted quality is low would be very useful from a

diagnostic point of view. This line of research would first

require a better understanding of how listeners assign

their ratings, and studies asking listeners for reasons or

explanations for their ratings have been an important

step in this direction. Conversely, if MOS predictors be-

come very accurate and interpretable, we can consider

using them as psychoacoustic tools to better understand

human perception of speech. In the long term, we aim

to be able to comprehensively model human preferences

about synthesized speech, including arbitrary aspects of

human opinions, and to be able to use those predictions

during model development to produce the next gener-

ation of more realistic, diverse, and context-adaptable

synthesized speech.
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jee, “DeePMOS: Deep Posterior Mean-Opinion-Score
of Speech,” in Proc. INTERSPEECH 2023, 2023, pp.
526–530.

[83] A. Baevski, Y. Zhou, A. Mohamed, and M. Auli,
“wav2vec 2.0: A framework for self-supervised learning
of speech representations,” Advances in neural infor-
mation processing systems, vol. 33, pp. 12 449–12 460,
2020.

[84] A. Mohamed, H.-Y. Lee, L. Borgholt, J. D. Havtorn,
J. Edin, C. Igel, K. Kirchhoff, S.-W. Li, K. Livescu,
L. Maaløe, T. N. Sainath, and S. Watanabe, “Self-
Supervised Speech Representation Learning: A Re-
view,” IEEE Journal of Selected Topics in Signal Pro-
cessing, vol. 16, no. 6, pp. 1179–1210, 2022.

[85] W.-N. Hsu, B. Bolte, Y.-H. H. Tsai, K. Lakhotia,
R. Salakhutdinov, and A. Mohamed, “HuBERT: Self-
supervised speech representation learning by masked
prediction of hidden units,” IEEE/ACM Transactions
on Audio, Speech, and Language Processing, vol. 29,
pp. 3451–3460, 2021.

[86] S. W. Yang, P. H. Chi, Y. S. Chuang, C. I. J. Lai,
K. Lakhotia, Y. Y. Lin, A. T. Liu, J. Shi, X. Chang,
G. T. Lin et al., “SUPERB: Speech processing Univer-
sal PERformance Benchmark,” in 22nd Annual Con-
ference of the International Speech Communication
Association, INTERSPEECH 2021. International
Speech Communication Association, 2021, pp. 3161–
3165.

[87] W.-C. Tseng, C.-Y. Huang, W.-T. Kao, Y. Y. Lin, and
H.-Y. Lee, “Utilizing Self-Supervised Representations
for MOS Prediction,” in Proc. Interspeech 2021, 2021,
pp. 2781–2785.

[88] E. Cooper, W.-C. Huang, T. Toda, and J. Yamagishi,
“Generalization ability of MOS prediction networks,”
in ICASSP 2022-2022 IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP).
IEEE, 2022, pp. 8442–8446.

[89] A. Vioni, G. Maniati, N. Ellinas, J. S. Sung, I. Hwang,
A. Chalamandaris, and P. Tsiakoulis, “Investigat-
ing Content-Aware Neural Text-to-Speech MOS Pre-
diction Using Prosodic and Linguistic Features,” in
ICASSP 2023-2023 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP).
IEEE, 2023, pp. 1–5.

[90] G. Maniati, A. Vioni, N. Ellinas, K. Nikitaras,
K. Klapsas, J. S. Sung, G. Jho, A. Chalamandaris,
and P. Tsiakoulis, “SOMOS: The Samsung Open MOS
Dataset for the Evaluation of Neural Text-to-Speech
Synthesis,” in Proc. Interspeech, 2022, pp. 2388–2392.

[91] Y. Wang, R. Skerry-Ryan, D. Stanton, Y. Wu, R. J.
Weiss, N. Jaitly, Z. Yang, Y. Xiao, Z. Chen, S. Ben-
gio, Q. Le, Y. Agiomyrgiannakis, R. Clark, and R. A.
Saurous, “Tacotron: Towards End-to-End Speech Syn-
thesis,” in Proc. Interspeech 2017, 2017, pp. 4006–4010.

[92] J. D. M.-W. C. Kenton and L. K. Toutanova, “BERT:
Pre-training of Deep Bidirectional Transformers for
Language Understanding,” in Proceedings of NAACL-
HLT, 2019, pp. 4171–4186.

[93] H. Wang, S. Zhao, X. Zheng, and Y. Qin, “RAMP:
Retrieval-Augmented MOS Prediction via Confidence-
based Dynamic Weighting,” in Proc. INTERSPEECH
2023, 2023, pp. 1095–1099.

[94] T. Sellam, A. Bapna, J. Camp, D. Mackinnon, A. P.
Parikh, and J. Riesa, “SQuId: Measuring speech nat-
uralness in many languages,” in ICASSP 2023-2023

22



Evaluation of Synthetic Speech

IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP). IEEE, 2023, pp.
1–5.

[95] V. Hodge and J. Austin, “A survey of outlier detection
methodologies,” Artificial intelligence review, vol. 22,
pp. 85–126, 2004.

[96] S. L.Maguer, N. Barbot, and O. Boeffard, “Evaluation
of contextual descriptors for HMM-based speech syn-
thesis in French,” in Eighth ISCA Workshop on Speech
Synthesis, 2013.

[97] C. T. Do, M. Evrard, A. Leman, C. d’Alessandro,
A. Rilliard, and J. L. Crebouw, “Objective evalu-
ation of HMM-based speech synthesis system us-
ing Kullback-Leibler divergence,” in Proc. Interspeech
2014, 2014, pp. 2952–2956.

[98] S. Maiti, Y. Peng, T. Saeki, and S. Watanabe,
“SpeechLMScore: Evaluating speech generation us-
ing speech language model,” in ICASSP 2023-2023
IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP). IEEE, 2023, pp.
1–5.

[99] A. Ravuri, E. Cooper, and J. Yamagishi, “Uncertainty
as a predictor: Leveraging self-supervised learning for
zero-shot mos prediction,” IEEE ICASSP 2024 work-
shop on Self-supervision in Audio, Speech and Beyond
(to appear), 2024.

[100] S. Schneider, A. Baevski, R. Collobert, and M. Auli,
“wav2vec: Unsupervised Pre-Training for Speech
Recognition,” in Proc. Interspeech 2019, 2019, pp.
3465–3469.

[101] E. Klabbers and R. Veldhuis, “On the reduction
of concatenation artefacts in diphone synthesis,” in
Proc. 5th International Conference on Spoken Lan-
guage Processing (ICSLP 1998), 1998, p. paper 0115.

[102] Y. Stylianou and A. K. Syrdal, “Perceptual and ob-
jective detection of discontinuities in concatenative
speech synthesis,” in 2001 IEEE international confer-
ence on acoustics, speech, and signal processing. pro-
ceedings (Cat. No. 01CH37221), vol. 2. IEEE, 2001,
pp. 837–840.

[103] J. Vepa, S. King, and P. Taylor, “Objective distance
measures for spectral discontinuities in concatenative
speech synthesis,” in ICSLP 2002: 7th International
Conference on Spoken Language Processing. Interna-
tional Speech Communication Association, 2002, pp.
2605–2608.

[104] M. Lee, “Perceptual cost functions for unit searching
in large corpus-based concatenative text-to-speech,”
in Proc. EUROSPEECH, Aalborg, Denmark, 2001, pp.
2227–2230.

[105] T. Toda, H. Kawai, M. Tsuzaki, and K. Shikano, “Per-
ceptual evaluation of cost for segment selection in con-
catenative speech synthesis,” in Proceedings of 2002
IEEE Workshop on Speech Synthesis, 2002. IEEE,
2002, pp. 183–186.
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