
Evaluation of speech synthesis

• Case study: the Blizzard Challenge
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Evaluation case study: The Blizzard Challenge

• Annual evaluation of speech synthesis systems in which participating teams build a voice 
for their system using a common data set

• A large online listening test is used to evaluate the systems
• Goal:

• understand and compare research techniques
• Method:

•  build voices on a common dataset
• evaluate them in a single listening test

• The “hub” task is to take the released speech data, build synthetic voices, and synthesize a 
prescribed set of test sentences. 
• There are usually also several optional “spoke” tasks
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Typical timeline

•  Feb   Databases released
•  Mar   Test sentences released
•  Apr   Deadline for submitting synthesized speech 
•  Apr   Evaluation system goes live
•  Jun    End of Evaluation
•  Jul     Results distributed to teams
•  Sep   Presentation of results at a workshop
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Benchmark systems can be used to compare across different evaluations

• NATURAL Natural speech from the same speaker as the corpus 
• FESTIVAL   The Festival unit-selection benchmark system
• HTS            HMM-based benchmark system

• Benchmark systems are intended to provide some comparability across listening tests
• i.e., across years of the Challenge

• Increasingly difficult to do in recent years due to rapidly-changing modelling paradigms
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 mXac  
 I2R  
 Nokia  
 DFKI 
 TUD 
 IBM  
 NICT/ATR  
 Toshiba 
 HTS

 Natural speech 
 Festival benchmark 
 HTS benchmark  
 IIIT  
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 SUCLAST  
 USTC 
 CSTR/Cereproc
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How the Blizzard Challenge presents 
results for MOS Naturalness

●●●●●●●●●●●●

●

●●●●●●●●●●

●

●●●●●●●●●●●

●

●●●●

●

●●●●●●●●●●●●

●●

●●

●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●● ●●●●●●●●● ●●●●●●

●●●●●●●●●●

●

●●●●●●●●●

●

●●●●●●

●

●

463 163 457 462 457 457 463 463 463 463 456 462 463 463 457 456 462 463n

A S K I B L H C O J D E R Q P W M T

1
2

3
4

5

Mean opinion scores − naturalness −  for task EH1 (All listeners)

System

Sc
or
e

Module 5 - evaluation
Class



How the Blizzard Challenge presents 
results for Intelligibility as WER
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Typical statements that can be made about the results

• Natural speech is significantly more natural and more similar to the original speaker than 
any synthesiser

• Systems S and K are both significantly more natural and more similar to the original 
speaker than all other synthesisers

• System S is as intelligible as natural speech

• But there is no significant difference in intelligibility between system S and a number of 
other systems (B,C,K,L,O,P)
• so we cannot state that system S is more intelligible than other systems
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Absolute Category Rating (ACR) - unfortunately not Absolute, but Relative

original results
from 2013

replication
performed in 2022

Le Maguer, King, Harte. “The limits of the Mean Opinion Score for speech synthesis evaluation.” 
Computer Speech and Language 84, March 2024, DOI: 10.1016/j.csl.2023.101577



Absolute Category Rating (ACR) - unfortunately not Absolute, but Relative

replication
performed in 2022

testing only some of
the better systems



Evaluation of speech synthesis

• Discussion points
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Discussion points - Blizzard Challenge

• is it possible to cheat on the Blizzard Challenge?
• if so, what can you do to prevent cheating by participating teams

• can you design a challenge that only evaluates
1. the front-end linguistic processor?
2. a component of the front-end, e.g., LTS
3. the waveform generator

• is the Challenge “ecologically valid”
• discuss what that really means
• can you think of improvements, to make it more valid
• would your improvements change the outcomes / results / findings / conclusions ?
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Does the lack of ecological validity matter though?
In some respects it certainly is not a problem: if our
synthesiser is as intelligible as natural speechwhen using
difficult, meaningless sentences then we would be
confident that it would be at least as intelligible using
normal sentences. That is, the laboratory testing situation
can uncover effects that would shrink into insignificance
in the real world and the only danger is that we are
identifying rather small differences. We still have
confidence that we can identify the best system, although
we may over-estimate how much better than the next
system it actually is.

But in other respects the lack of ecological validity
is much more serious. The idealised environment is the
most serious issue: real end users do not operate in quiet
environments free of distractions. The 2009 Challenge
included a condition in which the synthetic speech was
corrupted by a simulated telephone channel (King and
Karaiskos, 2009) and the Hurricane Challenge men-
tioned in Section 4.1.2 addressed the problem of speech-
in-noise muchmore rigourously. The tasks used are also
a problem, since listeners are allowed to perform them
under no significant constraints on their attention or
time. There is doubtless still much to learn from experi-
mental psychology, including the use of distractors to
disguise to true purpose of the experiment, or methods
which can introduce realistic levels of cognitive load
into our subjects.

Despite these widely-recognised potential problems
with how TTS is generally evaluated, there have been
few attempts to innovate. Perhaps this is for the simple
reason that any alternative would almost certainly yield
far fewer data points per hour of testing time than current
paradigms, and so be less practical and more costly. But
perhaps it is just plain laziness: researchers prefer to
spend their time inventing exciting new methods for
synthesising speech, not worrying about whether they
are actually measuring the quality of their work in the
best way, especially when the burden of some of that
evaluation can be offloaded to an external Challenge.

4.3. Open issues

4.3.1. Whole system vs. component-level evaluations

As we mentioned in Section 2, Blizzard only at-
tempts end-to-end system evaluations. Moreover, it also
bundles in the data preparation stages such as alignment
with the text and optional hand-corrections performed
by some participants. In other words, it evaluates the
totality of the systems components and the engineering
skill and effort needed to make it work well on a new
database. Conclusions about whichmethod is “best” are
therefore inevitably filtered through the level of expertise
and available resources of the team implementing that
method. This may be a partial explanation of the “fail-
ure” of some entries: the idea had merit, but the imple-
mentation was flawed. The availability of resources for

checking and correcting the data varies widely between
participants. To quantify the effect this has on overall
quality, one year’s Challenge did release hand-checked
alignments but this was found to be of limited use be-
cause it does not guarantee consistency across systems,
since some may use a different phonetic inventory or
pronunciation dictionary. Some participants have
themselves investigated the benefits of manual annota-
tions (Chu et al., 2006).

Providing linguistic specifications may appear to be
one way to isolate the waveform generation component,
but it would not be possible for some participants to
modify their systems to use an externally-provided lin-
guistic specification.

4.3.2. Common data, but what else?

The core of the Blizzard Challenge is the shared
corpus which all participants are required to use. Its size
has varied over the years, generally getting larger over
time, and several years have seen specific sub-challenges
involving restricted corpus sizes. As we havementioned
a number of times throughout this paper, a common
corpus only ‘levels the playing field’ to some degree
and there remain many other uncontrolled factors which
may explain differences between systems. It is probably
impossible to entirely separate out the effectiveness of
a proposed technique from the skill of the engineer who
implements it. Simple techniques, implemented by ex-
perts, can perform very well. Certainly, complex tech-
niques poorly implemented are not likely to succeed.
Within a single year of the Challenge then, it is hard to
say for sure that one technique is better than another.

But, by looking over several years of Challenges, as
we have done here, we can start to find independently-
constructed systems being entered that use a common
technique. When we see several of these performing
well, then it becomes more reasonable to say that this
is a good technique. Clear examples of this (if imple-
mented skilfully) include unit selection, which almost
guarantees a good naturalness score, HMM-based
methods, which almost guarantee good intelligibility,
and hybrid systems which maintain the high naturalness
of unit selection and start to approach the intelligibility
of HMM systems.

4.3.3. Too much at stake leads to too little risk

As the Challenge becamemore andmore established,
and a firm fixture in the calendar, awareness of it began
to rise outside the immediate circle of participating re-
searchers. A negative effect of this is that participation
in the Challenge has become a more public affair:
poorlyperforming entries no longer go un-noticed but
instead start to attract attention. For the research labs in
large corporations, this presents a major barrier to par-
ticipation in the Challenge, since their manage-
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Challenge can claim a couple of concrete contributions
in its own right.

4.1.1. Advances in objective measures

Although not directly used to rank the systems with
the Challenge, objective measures of speech quality
have made some progress over the last decade. Most
notable is the work of Falk et al. (2008), Hinterleitner
et al. (2010) and Norrenbrock et al. (2012) who have
collectively pursued instrumental (that is, signal-based
rather than listener-based) measures; these have begun
to show useful results. These measures attempt to
replicate the judgements that listeners would provide
for a given set of speech signals. The Blizzard Challenge
has been able to provide a substantial training set of
signals-plus-listener-ratings on which object measures
can be tuned and additional independent data sets on
which their effectiveness can be tested.

4.1.2. Spinoffs and related evaluations

The Blizzard Challenge was itself inspired by the
long tradition of common evaluation tasks from the field
of ASR, and has in turn inspired others to use this
methodology to measure (and hopefully promote)
progress in other fields. TheHurricane Challenge (Cooke
et al., 2013) evaluated methods for improving the intel-
ligibility of natural or synthetic speech in the presence
of additive noise, and its organisation closely followed
the Blizzard model, with an open invitation to the com-
munity to participate, a common data set and set of rules,
and a large centralised listening test run by the organis-
ers. The Albayzin Challenges in 2010 (Díaz et al., 2011)
and 2012 included a replication of the Blizzard Chal-
lenge, using a Spanish corpus.

4.2. Room for improvement

4.2.1. What to evaluate

Naturalness and intelligibility remain the main
evaluation criteria for speech synthesis, with judgements
being elicited from listeners on a Lickert scale (Likert,
1932). Naturalness remains poorly defined, although
listeners do seem to have a clear idea of what is being
asked of them given the consistency of their judgements.
Intelligibility is measured, as noted in Section 4.2.2, in
a particularly unrealistic, or ‘ecologically invalid’, way.

Blizzard also adds an evaluation of speaker similarity
to the mix. This was introduced initially only as a check
that participants were using the provided recordings and
not entering pre-built systems. With the advent of
speaker-adaptive approaches, and for unit selection en-
tires employing voice conversion, speaker similarity

became a useful dimension of the evaluation in its own
right.

Despite continued calls by the organisers, few re-
searchers in the community have risen to their challenge
to propose new and better listening test designs, and in
particular to propose what to evaluate. The only excep-
tion to this is Hinterleitner et al. (2011), who proposed
a multi-dimensional test for evaluating synthetic audio-
books. Their method was adopted by the Blizzard
Challenge organisers in those later years where audio-
book data was used.

4.2.2. How to evaluate

Playing synthetic speech to listeners and asking them
to make some response (e.g., provide a rating for a
specified property) or perform a task (e.g., transcribe
the words they heard) is the bread and butter of synthetic
speech evaluation.Whilst objective measures have their
place in single-system tuning or in identifying gross
differences between systems, a listening test remains
the only sure way to demonstrate the superiority of one’s
proposed new method.

The problem of evaluating synthetic speech via lis-
tening tests is not a solved one. It is intrinsically difficult
for two reasons. First, it is not clear exactly what prop-
erties to evaluate. Second, it is hard to know how to
evaluate the chosen properties, and one can never be
certain that all of the listeners have correctly performed
the task you expected of them.

Blizzard takes a simple approach to alleviating these
worries. The instructions given to listeners are generally
simple and do not require any training or high level of
knowledge on the listeners’ part. A large number of lis-
teners is employed, thus minimising the effect of indi-
viduals who fail to follow these instructions. The statis-
tical tests for significant differences are deliberately
conservative (Clark et al., 2007) in order to avoid false
claims. Of course, the flip-side of this is that it is possible
Blizzard fails to identify interesting differences some
of the time.

The listening tests typically used by the TTS research
community lack ecological validity in many ways. They
take place in an unusual setting – quiet, comfortable
listening booths with high-quality sound reproduction
and no distractions – and ask listeners to perform tasks
they would never do in everyday life. For example, in
order to test the intelligibility of systems, listeners are
asked to transcribe – by typing on a computer keyboard
– the individual words they heard. It is hard to think of
a real application where this would be done. Worse, the
sentences played to listeners are deliberately hard to
comprehend, often being devoid of meaning (Benoit
and Grice, 1996). This is done to remove the ceiling ef-
fect: in other words, many synthesisers could be close
to 100% intelligible if predictable, meaningful sentences
were used.

Loquens, 1(1), January 2014, e006. eISSN 2386-2637 doi: http://dx.doi.org/10.3989/loquens.2014.006

Measuring a decade of progress in Text-to-Speech • 7

Challenge can claim a couple of concrete contributions
in its own right.

4.1.1. Advances in objective measures

Although not directly used to rank the systems with
the Challenge, objective measures of speech quality
have made some progress over the last decade. Most
notable is the work of Falk et al. (2008), Hinterleitner
et al. (2010) and Norrenbrock et al. (2012) who have
collectively pursued instrumental (that is, signal-based
rather than listener-based) measures; these have begun
to show useful results. These measures attempt to
replicate the judgements that listeners would provide
for a given set of speech signals. The Blizzard Challenge
has been able to provide a substantial training set of
signals-plus-listener-ratings on which object measures
can be tuned and additional independent data sets on
which their effectiveness can be tested.

4.1.2. Spinoffs and related evaluations

The Blizzard Challenge was itself inspired by the
long tradition of common evaluation tasks from the field
of ASR, and has in turn inspired others to use this
methodology to measure (and hopefully promote)
progress in other fields. TheHurricane Challenge (Cooke
et al., 2013) evaluated methods for improving the intel-
ligibility of natural or synthetic speech in the presence
of additive noise, and its organisation closely followed
the Blizzard model, with an open invitation to the com-
munity to participate, a common data set and set of rules,
and a large centralised listening test run by the organis-
ers. The Albayzin Challenges in 2010 (Díaz et al., 2011)
and 2012 included a replication of the Blizzard Chal-
lenge, using a Spanish corpus.

4.2. Room for improvement

4.2.1. What to evaluate

Naturalness and intelligibility remain the main
evaluation criteria for speech synthesis, with judgements
being elicited from listeners on a Lickert scale (Likert,
1932). Naturalness remains poorly defined, although
listeners do seem to have a clear idea of what is being
asked of them given the consistency of their judgements.
Intelligibility is measured, as noted in Section 4.2.2, in
a particularly unrealistic, or ‘ecologically invalid’, way.

Blizzard also adds an evaluation of speaker similarity
to the mix. This was introduced initially only as a check
that participants were using the provided recordings and
not entering pre-built systems. With the advent of
speaker-adaptive approaches, and for unit selection en-
tires employing voice conversion, speaker similarity

became a useful dimension of the evaluation in its own
right.

Despite continued calls by the organisers, few re-
searchers in the community have risen to their challenge
to propose new and better listening test designs, and in
particular to propose what to evaluate. The only excep-
tion to this is Hinterleitner et al. (2011), who proposed
a multi-dimensional test for evaluating synthetic audio-
books. Their method was adopted by the Blizzard
Challenge organisers in those later years where audio-
book data was used.

4.2.2. How to evaluate

Playing synthetic speech to listeners and asking them
to make some response (e.g., provide a rating for a
specified property) or perform a task (e.g., transcribe
the words they heard) is the bread and butter of synthetic
speech evaluation.Whilst objective measures have their
place in single-system tuning or in identifying gross
differences between systems, a listening test remains
the only sure way to demonstrate the superiority of one’s
proposed new method.

The problem of evaluating synthetic speech via lis-
tening tests is not a solved one. It is intrinsically difficult
for two reasons. First, it is not clear exactly what prop-
erties to evaluate. Second, it is hard to know how to
evaluate the chosen properties, and one can never be
certain that all of the listeners have correctly performed
the task you expected of them.

Blizzard takes a simple approach to alleviating these
worries. The instructions given to listeners are generally
simple and do not require any training or high level of
knowledge on the listeners’ part. A large number of lis-
teners is employed, thus minimising the effect of indi-
viduals who fail to follow these instructions. The statis-
tical tests for significant differences are deliberately
conservative (Clark et al., 2007) in order to avoid false
claims. Of course, the flip-side of this is that it is possible
Blizzard fails to identify interesting differences some
of the time.

The listening tests typically used by the TTS research
community lack ecological validity in many ways. They
take place in an unusual setting – quiet, comfortable
listening booths with high-quality sound reproduction
and no distractions – and ask listeners to perform tasks
they would never do in everyday life. For example, in
order to test the intelligibility of systems, listeners are
asked to transcribe – by typing on a computer keyboard
– the individual words they heard. It is hard to think of
a real application where this would be done. Worse, the
sentences played to listeners are deliberately hard to
comprehend, often being devoid of meaning (Benoit
and Grice, 1996). This is done to remove the ceiling ef-
fect: in other words, many synthesisers could be close
to 100% intelligible if predictable, meaningful sentences
were used.

Loquens, 1(1), January 2014, e006. eISSN 2386-2637 doi: http://dx.doi.org/10.3989/loquens.2014.006

Measuring a decade of progress in Text-to-Speech • 7



Module 5 - evaluation
Class

Does the lack of ecological validity matter though?
In some respects it certainly is not a problem: if our
synthesiser is as intelligible as natural speechwhen using
difficult, meaningless sentences then we would be
confident that it would be at least as intelligible using
normal sentences. That is, the laboratory testing situation
can uncover effects that would shrink into insignificance
in the real world and the only danger is that we are
identifying rather small differences. We still have
confidence that we can identify the best system, although
we may over-estimate how much better than the next
system it actually is.

But in other respects the lack of ecological validity
is much more serious. The idealised environment is the
most serious issue: real end users do not operate in quiet
environments free of distractions. The 2009 Challenge
included a condition in which the synthetic speech was
corrupted by a simulated telephone channel (King and
Karaiskos, 2009) and the Hurricane Challenge men-
tioned in Section 4.1.2 addressed the problem of speech-
in-noise muchmore rigourously. The tasks used are also
a problem, since listeners are allowed to perform them
under no significant constraints on their attention or
time. There is doubtless still much to learn from experi-
mental psychology, including the use of distractors to
disguise to true purpose of the experiment, or methods
which can introduce realistic levels of cognitive load
into our subjects.

Despite these widely-recognised potential problems
with how TTS is generally evaluated, there have been
few attempts to innovate. Perhaps this is for the simple
reason that any alternative would almost certainly yield
far fewer data points per hour of testing time than current
paradigms, and so be less practical and more costly. But
perhaps it is just plain laziness: researchers prefer to
spend their time inventing exciting new methods for
synthesising speech, not worrying about whether they
are actually measuring the quality of their work in the
best way, especially when the burden of some of that
evaluation can be offloaded to an external Challenge.

4.3. Open issues

4.3.1. Whole system vs. component-level evaluations

As we mentioned in Section 2, Blizzard only at-
tempts end-to-end system evaluations. Moreover, it also
bundles in the data preparation stages such as alignment
with the text and optional hand-corrections performed
by some participants. In other words, it evaluates the
totality of the systems components and the engineering
skill and effort needed to make it work well on a new
database. Conclusions about whichmethod is “best” are
therefore inevitably filtered through the level of expertise
and available resources of the team implementing that
method. This may be a partial explanation of the “fail-
ure” of some entries: the idea had merit, but the imple-
mentation was flawed. The availability of resources for

checking and correcting the data varies widely between
participants. To quantify the effect this has on overall
quality, one year’s Challenge did release hand-checked
alignments but this was found to be of limited use be-
cause it does not guarantee consistency across systems,
since some may use a different phonetic inventory or
pronunciation dictionary. Some participants have
themselves investigated the benefits of manual annota-
tions (Chu et al., 2006).

Providing linguistic specifications may appear to be
one way to isolate the waveform generation component,
but it would not be possible for some participants to
modify their systems to use an externally-provided lin-
guistic specification.

4.3.2. Common data, but what else?

The core of the Blizzard Challenge is the shared
corpus which all participants are required to use. Its size
has varied over the years, generally getting larger over
time, and several years have seen specific sub-challenges
involving restricted corpus sizes. As we havementioned
a number of times throughout this paper, a common
corpus only ‘levels the playing field’ to some degree
and there remain many other uncontrolled factors which
may explain differences between systems. It is probably
impossible to entirely separate out the effectiveness of
a proposed technique from the skill of the engineer who
implements it. Simple techniques, implemented by ex-
perts, can perform very well. Certainly, complex tech-
niques poorly implemented are not likely to succeed.
Within a single year of the Challenge then, it is hard to
say for sure that one technique is better than another.

But, by looking over several years of Challenges, as
we have done here, we can start to find independently-
constructed systems being entered that use a common
technique. When we see several of these performing
well, then it becomes more reasonable to say that this
is a good technique. Clear examples of this (if imple-
mented skilfully) include unit selection, which almost
guarantees a good naturalness score, HMM-based
methods, which almost guarantee good intelligibility,
and hybrid systems which maintain the high naturalness
of unit selection and start to approach the intelligibility
of HMM systems.

4.3.3. Too much at stake leads to too little risk

As the Challenge becamemore andmore established,
and a firm fixture in the calendar, awareness of it began
to rise outside the immediate circle of participating re-
searchers. A negative effect of this is that participation
in the Challenge has become a more public affair:
poorlyperforming entries no longer go un-noticed but
instead start to attract attention. For the research labs in
large corporations, this presents a major barrier to par-
ticipation in the Challenge, since their manage-
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under no significant constraints on their attention or
time. There is doubtless still much to learn from experi-
mental psychology, including the use of distractors to
disguise to true purpose of the experiment, or methods
which can introduce realistic levels of cognitive load
into our subjects.

Despite these widely-recognised potential problems
with how TTS is generally evaluated, there have been
few attempts to innovate. Perhaps this is for the simple
reason that any alternative would almost certainly yield
far fewer data points per hour of testing time than current
paradigms, and so be less practical and more costly. But
perhaps it is just plain laziness: researchers prefer to
spend their time inventing exciting new methods for
synthesising speech, not worrying about whether they
are actually measuring the quality of their work in the
best way, especially when the burden of some of that
evaluation can be offloaded to an external Challenge.

4.3. Open issues

4.3.1. Whole system vs. component-level evaluations

As we mentioned in Section 2, Blizzard only at-
tempts end-to-end system evaluations. Moreover, it also
bundles in the data preparation stages such as alignment
with the text and optional hand-corrections performed
by some participants. In other words, it evaluates the
totality of the systems components and the engineering
skill and effort needed to make it work well on a new
database. Conclusions about whichmethod is “best” are
therefore inevitably filtered through the level of expertise
and available resources of the team implementing that
method. This may be a partial explanation of the “fail-
ure” of some entries: the idea had merit, but the imple-
mentation was flawed. The availability of resources for

checking and correcting the data varies widely between
participants. To quantify the effect this has on overall
quality, one year’s Challenge did release hand-checked
alignments but this was found to be of limited use be-
cause it does not guarantee consistency across systems,
since some may use a different phonetic inventory or
pronunciation dictionary. Some participants have
themselves investigated the benefits of manual annota-
tions (Chu et al., 2006).

Providing linguistic specifications may appear to be
one way to isolate the waveform generation component,
but it would not be possible for some participants to
modify their systems to use an externally-provided lin-
guistic specification.

4.3.2. Common data, but what else?

The core of the Blizzard Challenge is the shared
corpus which all participants are required to use. Its size
has varied over the years, generally getting larger over
time, and several years have seen specific sub-challenges
involving restricted corpus sizes. As we havementioned
a number of times throughout this paper, a common
corpus only ‘levels the playing field’ to some degree
and there remain many other uncontrolled factors which
may explain differences between systems. It is probably
impossible to entirely separate out the effectiveness of
a proposed technique from the skill of the engineer who
implements it. Simple techniques, implemented by ex-
perts, can perform very well. Certainly, complex tech-
niques poorly implemented are not likely to succeed.
Within a single year of the Challenge then, it is hard to
say for sure that one technique is better than another.

But, by looking over several years of Challenges, as
we have done here, we can start to find independently-
constructed systems being entered that use a common
technique. When we see several of these performing
well, then it becomes more reasonable to say that this
is a good technique. Clear examples of this (if imple-
mented skilfully) include unit selection, which almost
guarantees a good naturalness score, HMM-based
methods, which almost guarantee good intelligibility,
and hybrid systems which maintain the high naturalness
of unit selection and start to approach the intelligibility
of HMM systems.

4.3.3. Too much at stake leads to too little risk

As the Challenge becamemore andmore established,
and a firm fixture in the calendar, awareness of it began
to rise outside the immediate circle of participating re-
searchers. A negative effect of this is that participation
in the Challenge has become a more public affair:
poorlyperforming entries no longer go un-noticed but
instead start to attract attention. For the research labs in
large corporations, this presents a major barrier to par-
ticipation in the Challenge, since their manage-
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Evaluation of speech synthesis

• Group activity: design a listening test

Module 5 - evaluation
Class



Group activity: design a listening test

• Step 1
• define the hypotheses more precisely
• what aspects to evaluate; what task(s) for the listeners

• Step 2
• materials
• listeners: type, recruitment, vetting,…

• Step 3
• interface design
• should you show the text to the listener? will you play examples of natural speech?

• Step 4
• sanity checking results, detecting listeners who cheat, removing outliers
• mock-up how the results will be presented in your paper

Module 5 - evaluation
Class

start in class

finish on your own,
with help in lab sessions



Systems to be evaluated

• I tried varying the contents of the database, and found it had a strong effect on the 
synthetic speech

• Step 1
• write down at least two clear hypotheses that could be tested
• what aspects of the speech would need to be evaluated, to test those hypotheses?
• what task(s) are you going to ask your listeners to do?
• what systems will you need to build?

Module 5 - evaluation
Class



Summary of today’s class: what we learned about evaluation

• Why did you evaluate your system? What do you need it to deliver? 

• Information that helps you decide how to improve it
• Confirmation that it works for your use case

• Don’t overlook the obvious 

• Intelligibility (suitably measured, perhaps WER, perhaps something else)
• Naturalness (can you define it? do you need to?)

• But that is not enough 

• High-level, whole system “performance”
• Low-level, specific aspects / system components (e.g., pronunciation)

• Does your evaluation deliver what you need?

Module 5 - evaluation
Class



Summary of today’s class: what we learned about evaluation

• Always start with a clear hypothesis 

• including an explanation of why you believe it to be true

• Design an experiment that tests the hypothesis (and nothing else)
• Keep it simple and direct

Module 5 - evaluation
Class



A look forward to neural approaches

• methods for synthesis have rapidly advanced
• yet approaches to evaluation have barely changed

• but evaluation is even more relevant than before
• so we’ll need to revisit this topic later in the course (whilst reading recent papers)

Module 5 - evaluation
Class



(a) Mean pitch (b) Pitch standard deviation

(c) Speaking rate (d) Estimated C50

(e) Estimated SNR

Figure 3: Correlation between description labels and synthe-

sized labels (with 95% confidence intervals).

racy of 94%. In a similar fashion, we re-use our accent classifier
(see Section 3.1.1) and classify the accents of our generated ac-
cent test set. Here, we see a somewhat poorer accuracy of 68%.
We hypothesize that this is likely to be due to noisy labeling and
a very imbalanced distribution of accents in the training set.

The remaining attributes that we labeled are continuous
variables. For these variables, we run our generated test sets
through the same models that were used to label the training set
(see Section 3.1). The results can be seen in Figure 3. We see
that for every attribute other than C50, the model performs fairly
well at generating speech that matches the provided description.
We are unsure as to why the model performs poorly at generat-
ing audio with the appropriate C50, and further investigation is
required.

Our final objective evaluation aims to quantify the audio
fidelity of our model when asked to produce audio with “excel-
lent recording quality” or similar terms. Here, we use the re-
cently proposed Torchaudio Speech Quality and Intelligibility
Measures [34]. This model provides a reference-less estimate
of Wideband Perceptual Estimation of Speech Quality (PESQ),
Short-Time Objective Intelligibility (STOI), and Scale-Invariant
Signal-to-Distortion Ratio (SD-SRD). Using 20 test sentences
and descriptions from LibriTTS-R, we run these metrics on out-
puts from our model, Audiobox (using the public website inter-
face9), and the ground truth audio. As can be seen in Table
1, our model produces speech with values that are significantly
higher than Audiobox and often very close to the ground truth.
As mentioned in Section 3.1.2, this is achieved despite training
on only →500 hours of high-fidelity speech in the context of the
full 45k hour dataset.

9audiobox.metademolab.com/capabilities/tts description condition

Table 1: Speech Quality and Intelligibility Measures (SQUIM)

(with 95% confidence intervals)

Model PESQ STOI SI-SDR

Ground truth 4.15 ±0.04 0.997 ±0.001 27.45 ±1.09

Ours 3.84 ±0.10 0.996 ±0.001 26.53 ±1.16

Audiobox 3.46 ±0.16 0.988 ±0.004 21.84 ±1.37

Table 2: Naturalness and relevance results (with 95% confi-

dence intervals)

Model MOS REL

Ground truth 3.67 ±0.09 3.62 ±0.06

Ours 3.92 ±0.07 3.88 ±0.06

Audiobox 2.79 ±0.09 3.19 ±0.06

4.2. Subjective evaluation

To complement our objective evaluations, we run two subjec-
tive listening tests. The first of these aims to quantify how well
our model follows a natural language description (”relevance”
or “REL”). An example of such a description taken from the lis-
tening test set is: “A female voice with an Italian accent reads

from a book. The recording is very noisy. The speaker reads

fairly quickly with a slightly high-pitched and monotone voice.”

We generate 40 sets of samples (20 from MLS and 20 from
LibriTTS-R) using descriptions created using the method de-
scribed in Section 3. Again, we employ 30 listeners (native En-
glish speakers) and ask them to evaluate how closely the speech
matches the description using a 5-point scale. For each sentence
and description, we present the listeners with outputs from our
model, Audiobox, and the ground truth audio. The only pro-
cessing we apply is loudness normalization to -18 LUFS and
the removal of silence before and after speech.

As can be seen in Table 2, our model outperforms Audiobox
in this evaluation. Somewhat counterintuitively, it also outper-
forms the ground truth. However, there appear to be two clear
reasons for this. Firstly, the test set descriptions contain la-
bel noise. For example, if a ground truth utterance is labeled
with the incorrect accent, the generated speech is likely to be
more faithful to the description than the ground truth. Simi-
larly, we also see very occasional instances where samples from
LibriTTS-R contain mild audio artifacts (we removed samples
containing significant artifacts). In this case, the audio fidelity
from our model is likely to be higher than the ground truth and,
therefore, closer to the description. One final note on this eval-
uation is that we are aware that there are aspects of speech that
Audiobox is capable of controlling that our model is not (for
example, age).

Our second listening test aims to evaluate the overall nat-
uralness and audio fidelity of our model. In this case, we only
use samples from LibriTTS-R. We ask 30 listeners to rate the
speech on a scale of 1-5 (we’ll refer to this simply as mean
opinion score, or MOS). We appreciate that this evaluation con-
flates the naturalness of speech patterns and audio fidelity, but
we chose this test design to match that used by the authors of
Audiobox.

In Table 2, we see that our model significantly outperforms
Audiobox. We hypothesize that there are two reasons for this.
Firstly, we believe that our use of the DAC codec rather than
Encodec has a significant impact (see Section 3.3 for further de-
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Abstract

Text-to-speech models trained on large-scale datasets have
demonstrated impressive in-context learning capabilities and
naturalness. However, control of speaker identity and style
in these models typically requires conditioning on reference
speech recordings, limiting creative applications. Alterna-
tively, natural language prompting of speaker identity and style
has demonstrated promising results and provides an intuitive
method of control. However, reliance on human-labeled de-
scriptions prevents scaling to large datasets.

Our work bridges the gap between these two approaches.
We propose a scalable method for labeling various aspects of
speaker identity, style, and recording conditions. We then ap-
ply this method to a 45k hour dataset, which we use to train a
speech language model. Furthermore, we propose simple meth-
ods for increasing audio fidelity, significantly outperforming re-
cent work despite relying entirely on found data.

Our results demonstrate high-fidelity speech generation in
a diverse range of accents, prosodic styles, channel conditions,
and acoustic conditions, all accomplished with a single model
and intuitive natural language conditioning. Audio samples can
be heard at https:// text-description-to-speech.com/.

1. Introduction

Scaling both model and training data size has driven rapid
progress in generative modeling, especially for text and image
synthesis [1, 2, 3, 4]. Natural language conditioning provides an
intuitive method for control and creativity in these modalities,
enabled by web-scale human-authored text and image annota-
tions [5, 6]. However, only recently has speech synthesis started
to exploit scale and natural language conditioning.

The initial results from large-scale text-to-speech (TTS)
models have demonstrated impressive in-context learning capa-
bilities, such as zero-shot speaker and style adaptation, cross-
lingual synthesis, and content editing [7, 8, 9]. However, a
reliance on reference speech limits their practical application.
It also forces the user to reproduce the likeness of an existing
speaker, which is beneficial in some use cases but has the po-
tential for harm, especially when so little enrollment data is re-
quired.

To alleviate these shortcomings, the use of natural language
to describe speaker and style is starting to be explored (the most
recent example is concurrent work to ours, Audiobox. [10]).
Unlike the image modality, no large dataset containing natural
language descriptions of speech exists, so this metadata must
be created from scratch. To date, this has been achieved using
a combination of human annotations and statistical measures,
with the results often passed through a large language model to
mimic the variability that might be expected in genuine human

annotations [10, 11, 12, 13, 14]. However, any approach requir-
ing human annotations is challenging to scale to large datasets.
For example, Multilingual LibriSpeech [15] contains over 10
million utterances across 50k hours of audio, equivalent to over
five years. Because of the human annotation bottleneck, TTS
models using natural language descriptions have been of limited
scale and, therefore, unable to demonstrate some of the broad
range of capabilities associated with larger models.

In this work, we rely entirely on automatic labeling, en-
abling us to scale to large data for the first time (along with
concurrent work [10]). Coupling this with large-scale speech
language models allows us to synthesize speech in a wide range
of speaking styles and recording conditions using intuitive nat-
ural language control.

Specifically, we:
1. Propose a method for efficiently labeling a 45k hour dataset

with multiple attributes, including gender, accent, speaking
rate, pitch, and recording conditions.

2. Train a speech language model on this dataset and demon-
strate the ability to control these attributes independently, cre-
ating speaker identities and style combinations unseen in the
training data.

3. Demonstrate that with as little as 1% high-fidelity audio in
the training data and the use of the latest state-of-the-art au-
dio codec models, it is possible to generate extremely high-
fidelity audio.

2. Related Work

2.1. Control of speaker identity and style

Controlling non-lexical speech information, such as speaking
style and speaker identity, has been explored through various
approaches. With neural models, the first attempts at this re-
lied on reference embeddings or “global style tokens” derived
from exemplar recordings [16, 17]. This approach is effective
but constrains users to existing recordings, significantly limit-
ing versatility and scalability. To alleviate this, more flexible
approaches sample from the continuous latent spaces of Gaus-
sian mixture models and variational autoencoders [18]. How-
ever, this approach requires careful training to ensure that the
latent variables are disentangled, as well as complex analysis to
identify the relationship between these variables and attributes
of speech.

In an attempt to bypass the brittleness of reference embed-
dings and the complexity of disentangled latent variable ap-
proaches, recent work has attempted to use natural language
descriptions to guide non-lexical speech variation directly. This
line of work has no doubt been inspired by the success in other
modalities (particularly text-to-image models), but a key chal-
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