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Abstract
End-to-end models for speech recognition and speech synthesis have many benefits, but we argue they also
face a unique set of challenges not encountered in conventional multi-stage hybrid systems, which relied on
the explicit injection of linguistic knowledge through resources such as phonemic dictionaries and verbalization
grammars. These challenges include handling words with unusual grapheme-to-phoneme correspondences,
converting between written forms like ‘12’ and spoken forms such as ‘twelve’, and contextual disambiguation of
homophones or homographs. We describe the mitigation strategies that have been used for these problems
in end-to-end systems, either implicitly or explicitly, and call out that the most commonly used mitigation tech-
niques are likely incompatible with newly emerging approaches that use minimal amounts of supervised audio
training data. We review best-of-both-world approaches that allow the use of end-to-end models combined with
traditional linguistic resources, which we show are increasingly straightforward to create at scale, and close with
an optimistic outlook for bringing speech technologies to many more languages by combining these strands of research.

Keywords: speech recognition, speech sythesis, end-to-end modeling, text normalization, pronunciation
modeling

1. Introduction multiple individual components involved, jointly op-
timizing over the entire system from start to finish
In recent years, so-called ‘end-to-end’ models have 1S hard, and errors may compound, which can be
become increasingly popular for both automatic ~ detrimental to quality (Wang et al., 2017). By de-
speech recognition (ASR) and text-to-speech (TTS)  Sign, all-neural end-to-end approaches do not have
applications. The precise meaning of ‘end-to-end’ thls_lssue, while also being much_smp_ler_t_o train
is not exactly defined, and there are many varia-  (Chiu et al., 2017), as well as being significantly
tions on the theme. but in the case of ASR. end- Smaller in terms of disk size, enabling deployment
to-end models are typically understood to be all-  Of high-quality models on devices like smartphones
neural systems that take in audio features and emit ~ (Kim et al., 2020). In addition, being able to avoid
some subword-level unit like bytes (Li et al., 2019), ~ the need for injecting linguistic knowledge, such as
graphemes, or wordpieces directly (Prabhavalkar _phonemlc d|ct|on_ar|es or verbalization grammars,
etal., 2017). Such all-neural systems side-step the 1S frequently considered to be an advantage of end-
need for a manually-curated phonemic dictionary ~ t0-énd modeling approaches—for example, (Wang
of the target language (Sainath et al., 2018; Kim et al., 2017) points out that such components re-
et al., 2020), and contrast with ‘conventional’ or quire ‘extensive domain expertise and are laborious
‘hybrid’ approaches, which consist at least partially [0 design’, while an end-to-end approach ‘alleviates
of non-neural components, like a phonemic lexicon the need for laborious feature engineering’. Simi-
finite-state transducer (Mohri et al., 2002) or hand-  1arly. (Sotelo et al., 2017) argues that end-to-end
written verbalization grammars (Sak et al., 2013)to ~ modeling for TTS ‘eliminates the need for expert
turn words like ‘twelve’ into ‘12", Similarly, in TTS,  linguistic knowledge, which removes a major bottle-
end-to-end architectures like Tacotron (Wang etal,, ~ N€ck in creating synthesizers for new languages'.

2017) can take in graphemes and emit audio, again Unarguably, developing such linguistic resources
without going through intermediate phases thatare 5 take a non-negligible amount of effort, even
text normalization to turn input like ‘12’ into ‘twelve’ gies that can help alleviate this burden (Kim and
(Sproat et al., 2001), and grapheme-to-phoneme  gnyder, 2013; Rutherford et al., 2014; Deri and
conversion, typically employing a combination of  kpjght, 2016; Lee et al., 2020; Ritchie et al., 2019;
phonemic dictionaries and machine-learning mod- Bleyan et al., 2019; Ritchie et al., 2020). And it
els (Bisani and Ney, 2008). is, of course, desirable to mitigate bottlenecks in

In conventional speech processing systems, with  developing speech systems in whatever way possi-
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ble: if it were indeed possible to completely avoid
the need for linguistic resources while still building
systems that are in every way just as capable of
handling ASR or TTS tasks as conventional sys-
tems, or even better at doing so (as suggested
by Sainath et al. (2018)), that would be excellent.
However, this may be infeasible, as the relation-
ship between the spoken and the written form of
human languages is typically far from straightfor-
ward: such correspondences frequently turn out to
be full of entirely arbitrary phenomena that cannot
be derived, or that would be very difficult to derive,
through generalization from a randomly selected
large set of training data in the target language.

We provide an overview of such challenging cor-
respondences, and argue that this area has not
been receiving enough attention and analysis in the
literature on end-to-end systems, calling for more
research and analysis along the lines of (Fong et al.,
2019; Taylor and Richmond, 2019) to investigate
how well end-to-end speech modeling approaches
are equipped to deal with such problems. We fo-
cus on a practical description of the problem space
and common mitigation techniques more so than
empirical experiments, since the ability of end-to-
end speech systems to handle such arbitrary cor-
respondences will differ depending on factors such
the composition of the training data, plus model
architecture and size. We argue that these issues
will become all the more relevant as end-to-end
modeling approaches are adopted that use only
minimal amounts of supervised target-language
training data: for example, (Baevski et al., 2020; He
et al., 2021) report impressive progress on extend-
ing speech technologies to new languages using
just minutes of transcribed target-language audio,
but the resulting models are likely to struggle with
such arbitrary correspondences when no linguistic
resources are used.

2. Poverty of the Stimulus

As an example, assume for the sake of argument
that an end-to-end model’s training data contains
all numbers in the English language except for ‘12’
(and except numbers of which ‘12’ is a constituent,
like ‘112’ as ‘one hundred and twelve’). Given this
data, this hypothetical model would be unable to
know that ‘twelve’ should be transcribed as ‘12’ in
ASR tasks, or that ‘12’ can be read as ‘twelve’ in
TTS tasks. This is because there is no possible
generalization that would let the model determine
that the written form 12’ corresponds to the spoken
form ‘twelve’. To avoid generalizing to something
incorrect like ‘twoteen’ (by analogy with ‘fourteen’,
‘sixteen’, ‘seventeen’, and so on) or ‘ten-two’ (by
analogy with ‘twenty-two’, ‘thirty-two’, and so on),
an end-to-end model needs to observe at least
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one example of this arbitrary correspondence in its
training data.

This problem is by no means limited to ‘12’ alone,
of course: even just among English numbers be-
tween 10 and 20, cases like ‘11’ and ‘eleven’,
‘13’ and ‘thirteen’, and ‘15’ and ‘fifteen’ are not
quite straightforwardly generalizable either. More
generally, such examples are somewhat reminis-
cent of what’s known in linguistics as the ‘poverty
of the stimulus’, which is the argument that chil-
dren are not exposed to enough information to cor-
rectly induce the rules of their native language, and
that it must therefore be the case that the human
brain must contain some form of innate knowledge
about how languages work (Laurence and Margolis,
2001). This debate is far from settled in linguistics,
but what is relevant to us here is the idea of ana-
lyzing a learner’s input to understand the limits of
generalization based on such training data, and to
test how well learners generalize at various points
of the learning process.

We believe end-to-end speech processing would
benefit from (1) taking into account the limits of
generalization when it comes to correspondences
between spoken and written forms of language, (2)
understanding to what extent the training data used
for a given model can theoretically allow it to learn
these correspondences, (3) evaluating the degree
to which this process is successful in practice, e.g.
through separate test sets for various types of nu-
meric sequences, or words with unusual grapheme-
to-phoneme correspondences, and (4) taking steps
to make available any missing linguistic knowledge
to the model in the next round of training, or at
inference time.

2.1. Semiotic Classes: Numbers, Times,

etc.

In our hypothetical example above, ‘12’ would need
to be observed in the training data for the model
to learn this unusual and arbitrary correspondence.
Including it in the training data, then, would be a
natural solution. And indeed, our argument is not
that an end-to-end model could never learn such
edge cases at all—we simply observe, in a flavor of
the poverty-of-the-stimulus argument, that the sys-
tem must have observed such idiosyncratic cases
at least once to be able to learn them.

Of course, this does raise the question of what
needs to be included in the training data. Some
correspondences will be generalizable: for exam-
ple, a system that observed in its training data all
the numbers between ‘20’ and ‘40’ apart from ‘33’
should be able to generalize correctly and produce
‘thirty-three’ for ‘33’, following the pattern of first
verbalizing the decade form (‘twenty’ or ‘thirty’) and
then using the regular cardinal number ‘three’ (as in



‘thirty-one’, ‘thirty-two’, and so on). In other words,
some examples are entirely arbitrary and idiosyn-
cratic, and need to be specifically covered individ-
ually, while for others, generalization is an option
as long as sulfficient information is available from
which to generalize.

Now, even if a model observes such an entirely
idiosyncratic case such as ‘12’ only once at train-
ing time, the model may not remember this corre-
spondence; to our knowledge there has been no
research determining if there is a threshold of oc-
currences that is sufficient to teach an end-to-end
system a given correspondence. Presumably the
degree of arbitrariness and frequency both play a
role, as does the general model architecture, but
this seems like a rich area for analysis. However, an
end-to-end model would at least theoretically stand
a chance to get ‘12’ right if it was included even just
once in its training data; if it never observed this
case at all, it would stand no chance.

If the issues were limited to cases like like ‘10’,
‘11’ and ‘12, this would perhaps pose only a limited
problem that could be easily addressed by includ-
ing relevant data at training time. However, even for
simple cardinal numbers in counting forms like ‘one’,
‘two’, ‘three’, a relatively complex induction needs
to be done to derive the correct correspondences
even just for forms between 1 and 999, as shown
by Ritchie et al. (2019); Gorman and Sproat (2016).
These inductions differ in complexity from one lan-
guage to another, but are rarely straightforward. In
the extreme, for some languages, the only option
for getting the numbers between 1 and 100 right
appears to be explicitly enumerating every single
form (Gorman and Sproat, 2016). This would imply
that an end-to-end speech system would also need
to observe every single form in its training data at
least once.

Cardinal numbers are, unfortunately, perhaps
among the easier correspondences to learn. There
are many classes of tokens for which there are
non-trivial correspondences between written and
spoken forms of human language, and they appear
in mostly any language; see e.g. van Esch and
Sproat (2017) which provides an overview of these
‘semiotic classes’, ranging from phone numbers like
‘1-800-GO0OG411’ to times like ‘10:15 (‘ten fifteen’
or ‘a quarter past ten’), and from measures like
‘10km’ to currency amounts like ‘HK$300'.

For end-to-end speech models, learning such
correspondences is difficult, with low accuracy
rates unless special measures are taken (Peyser
et al., 2019). In fact, as Sproat and Jaitly (2017);
Zhang et al. (2019) show, handling semiotic classes
is difficult even for standalone text-to-text neural net-
works that are dedicated entirely to transforming
between spoken-domain text strings like ‘twelve’
and written-domain text strings like ‘12’. Sproat
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and Jaitly (2017); Zhang et al. (2019) point out
that even such text-to-text models frequently make
so-called ‘silly errors’ like verbalizing ‘16GB’ into
‘sixteen hertz’ instead of ‘sixteen gigabytes'—even
though for these networks, large amounts of rel-
evant data were available at training time, based
on which the correct behavior could have been
inferred.

2.2. Normal Words: Names, Loanwords,
Acronyms, etc.

Beyond semiotic-class tokens like ‘12°, ‘1-800-
GOO0G411’, 10:15, ‘HK$300’, and ‘16GB’, there
are also countless examples of English words
with idiosyncratic grapheme-to-phoneme map-
pings. For example, the pronunciation of the En-
glish word ‘Worchestershire’ is relatively idiosyn-
cratic, consisting of only three syllables. Put simply,
the rules of English orthography do not map one-
to-one onto English pronunciations—and this is
the case in many of the world’s languages (though
not everywhere). The complexity of various ortho-
graphic systems can be measured (van den Bosch
et al., 1994), and different orthographic systems
are known to have different degrees of orthographic
transparency (Katz and Frost, 1992). In practice,
this means that in some languages, the correspon-
dences between spoken and written forms will be
harder to learn than in others.

Indeed, cross-language comparisons of
grapheme-to-phoneme (G2P) conversion models
such as (van Esch et al., 2016; Lee et al., 2020)
show widely different accuracy rates across
languages. While the accuracy metrics achieved
by G2P models also depend on the amount of
training data available for the target language, as
well as factors such as the model architecture,
there is unmistakably an impact from the degree
of orthographic transparency in each language.
Some languages, like Spanish, have a reasonably
transparent orthography, and G2P accuracy rates
are usually high; languages like English, on the
other hand, feature large numbers of idiosyncratic
cases, which are much more challenging or even
impossible for a G2P model to predict based on
the training data, leading to lower accuracy rates.

Such challenging grapheme-to-phoneme corre-
spondences are known to impact the quality of end-
to-end speech models: for example, Taylor and
Richmond (2019); Fong et al. (2019) show that end-
to-end TTS models struggle to generate correct au-
dio for words with irregular or idiosyncratic G2P cor-
respondences. End-to-end ASR systems face sim-
ilar struggles (Kim et al., 2020; Prabhavalkar et al.,
2017), although to our knowledge the issue has
not been analyzed in detail. Unusual grapheme-to-
phoneme correspondences appear in many types



of words, including in place names like ‘Worchester-
shire’, names of people and businesses (Rutherford
etal., 2014), names of artists (like ‘P!nk’, where the
‘I’ stands for an ‘i’, or ‘deadmau¥b’, read as ‘dead
mouse’), and loanwords (which may retain the
original spelling from their source language, as in
‘restaurant’ or ‘La Jolla’). Sometimes, otherwise en-
tirely unremarkable nouns suddenly involve an un-
predictable correspondence, as in ‘sword’, the only
word in the English language where the grapheme
‘W’ is silent in the onset cluster ‘sw’: compare, for
example, ‘swam’, ‘sweep’, and ‘swore’. Highly fre-
quent words may also have unusual grapheme-to-
phoneme correspondences, like English ‘one’. And
letter sequences (Sproat and Hall, 2014) such as
‘NASA' (read as a word) and ‘C-SPAN’ (partially
read as a word, partially as a letter) present their
own idiosyncrasies—not to mention borrowed letter
sequences, such as ‘BBC’, which is read letter-by-
letter using English letter pronunciations in many
European languages.

As with semiotic-class tokens, it can range from
challenging to impossible for an end-to-end speech
model to predict the correct grapheme-to-phoneme
correspondence for a given word, depending on
the degree of arbitrariness of the relationship, the
training data, and the model’s generalization abil-
ity. According to the Census Bureau, there are
tens of thousands of geographical names in the
United States alone. Many of them are likely rea-
sonably amenable to generalization, but others (like
‘La Jolla’) will not be, and must be observed in the
training data for an end-to-end model to learn them.
In the extreme, cases like ‘deadmau5’ are presum-
ably sufficiently idiosyncratic as to be impossible for
an end-to-end system to predict correctly through
generalization from any other training data.

2.3. Homophones, Homographs, and
Context

For both semiotic-class tokens and normal words,
another issue can cause further challenges for ASR,
namely homophony—words or phrases that sound
the same, but have different spellings depending
on their meaning and context. For example, ‘three
eleven’ could be written as ‘3:11’ (as a time) or
‘3/11’ (as a date), and ‘Xanh’ (a popular restaurant
in Mountain View, California, which unfortunately
closed after the pandemic) shares its pronunciation
with ‘sun’. As an extreme example, if these terms
were only ever observed in isolation at training time,
the system would find it challenging to determine
that it should emit ‘dinner at Xanh in Mountain View’
(not ‘sun’) but ‘the sun is shining’ (not ‘Xanh’).

In TTS applications, homographs, or words that
are spelled the same but have different pronun-
ciations depending on context, pose similar prob-
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lems: ‘Houston, Texas’ is pronounced differently
than ‘Houston Street, New York City’ (which is pro-
nounced like ‘how-ston’ not ‘hew-ston’), but again,
if the term ‘Houston’ was only ever observed in iso-
lation, the model would struggle to decide which of
the two pronunciations to use based on inference-
time context—assuming, of course, that both pro-
nunciations were even included in the training data.

3. Mitigation Techniques

The existence of such arbitrariness is not an argu-
ment against end-to-end modeling: our goal has
only been to point out that it is impossible for an end-
to-end model to correctly predict an entirely arbi-
trary phenomenon that it has not observed at train-
ing time—and that even for slightly less arbitrary
phenomena, such models may struggle. But given
the benefits of end-to-end modeling, it is clearly de-
sirable to see if these challenges can be mitigated
within the end-to-end paradigm.

Before discussing mitigation strategies, one
question that may come to mind is whether any
mitigation is in fact needed at all: one might argue
that handling these correspondences can simply
be called out-of-scope entirely. For example, an
ASR system could simply emit ‘twelve’ instead of
‘12’, and a TTS system could simply require that
only forms like ‘twelve’ are used in any input text.
However, in a real-world system this is typically in-
feasible or impractical, given that TTS applications
are generally expected to be able to handle generic
written-domain text, and given that downstream pro-
cessing of ASR transcriptions generally also relies
on written forms like ‘11:15—for example, in con-
versational voice assistants that need to identify
times in transcribed spoken commands. Taking
this position is even harder in the case of words
with unusual grapheme-to-phoneme relationships:
it would be hard to argue that general-purpose ASR
or TTS systems do not need to correctly pronounce
or transcribe phrases like ‘La Jolla’.

First, we recommend setting up evaluation sets
that specifically aim to measure ASR or TTS qual-
ity for different categories of arbitrary correspon-
dences, such as words with unusual grapheme-
to-phoneme relationships, and different types of
semiotic classes, as in Peyser et al. (2019). Such
sets will help us understand the extent to which
these problems appear for a given model. The
question then becomes how to maximize accuracy
for these cases.

3.1. Large Training Data Sets

Ensuring that end-to-end systems see sufficient
data to correctly generalize all generalizable corre-
spondences, and to learn even the most arbitrary



cases, is one possible approach. This does pose
some practical problems, since there will be many
words that are affected (especially in languages like
English, with its opaque orthography). But as one
increases the size of the training data, more corre-
spondences will be covered, mitigating the problem
to some extent—and with the abundance of data
in high-resource languages, the problem may even
be invisible entirely unless specific evaluations are
done, as in Peyser et al. (2019).

Theoretically, one could simply collect recordings
of all normal words and semiotic-class tokens in
the target language, but this would clearly be very
time-consuming, and it is not clear that it poses less
of a bottleneck than creating verbalization gram-
mars and phonemic dictionaries. In the extreme, it
is arguably impossible due to the infinite amount of
e.g. cardinal numbers, but at at any rate, recording
many hundreds of thousands words and phrases
would be challenging even for ASR, where training
data can be gathered from many speakers through
platforms such as Hughes et al. (2010); for TTS,
where high-quality single-speaker recordings have
typically been required, it would be entirely imprac-
tical.

In addition to practical factors that make adding
more training data a less-than-desirable mitigation
strategy, recent work also suggests that reason-
able levels of ASR or TTS quality can be obtained
by using only an hour or less of supervised target-
language audio (Baevski et al., 2020; He et al.,
2021), combined with self-supervised learning tech-
niques and/or multilingual modeling. Such work
is incredibly promising for addressing the single
biggest bottleneck in bringing speech technologies
to more languages, namely the scarcity of super-
vised training data, but it seems vanishingly unlikely
that 40 seconds of target-language audio (as in He
et al. (2021)) could contain sufficient information to
learn all relevant arbitrary correspondences for the
target language.

In some cases, multilingual modeling may help,
e.g. in predicting that ‘24’ should be verbalized
as ‘vingt-quatre’ in French, following the English
pattern. But equally, multilingual modeling may be
ineffective or even harmful for this problem, e.g.
when mixing English with German, where the cor-
rect verbalization of ‘24’ is not ‘zwanzig-vier’ (liter-
ally ‘twenty-four’), but ‘vier-und-zwanzig’ (‘four-and-
twenty’).

3.2. Supplementing Training Data with
Synthetic Audio

For ASR, another technique is to use TTS to gener-
ate synthetic data to supplement the training data
(Rosenberg et al., 2019): for example, Peyser et al.
(2019) showed that if a target-language TTS system
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is available, it can be used to generate transcribed-
audio training examples for cases like ‘12’ and
‘twelve’ at very large scale. However, such ap-
proaches still requires the creation of some kind
of verbalization grammar (Sak et al., 2013; Ritchie
et al., 2019, 2020) to provide the correspondences
between the written-domain forms (like ‘12’) which
would serve as the ASR training target, and the
spoken-domain forms (like ‘twelve’) which would
be passed into the TTS system. And unless the
target-language orthography is extremely transpar-
ent, the TTS system itself will likely require a phone-
mic dictionary (recall cases like ‘one’) in order for
the synthetic audio it generates to have the correct
pronunciation. Similar synthetic-audio approaches
can be employed for phrases like ‘La Jolla’ with chal-
lenging grapheme-to-phoneme correspondences,
but again this would require a phonemic dictionary
to drive the generation of accurate synthetic audio.
In other words, such synthetic-data approaches
still require an investment in linguistic resources
that is no different from the investments needed
to build the linguistic components of conventional,
non-end-to-end systems.

3.3. Secondary Models

Yet another class of mitigation techniques involves
combining secondary models with the original end-
to-end model. For example, fusion techniques are
commonly used to connect end-to-end ASR mod-
els with neural text-only language models to cover
phrases that were not observed in the original train-
ing data (Kim et al., 2020). While it seems reason-
able that external language models can help with
contextual disambiguation (‘Xanh’ vs ‘sun’), their ef-
fect for words with unusual grapheme-to-phoneme
or arbitrary verbalization correspondences is un-
clear and requires further research; they are un-
likely to be a panacea, especially for highly idiosyn-
cratic cases. In another example, Serrino et al.
(2019) describes a module that allows for the use
of phonemic dictionaries to correct misrecognitions
from the upstream ASR system, but again at the
cost of requiring linguistic resources. In both ASR
and TTS, secondary neural models can also be
used for normalizing semiotic-class tokens before
or after the core end-to-end model, as in Zhang
et al. (2019); Peyser et al. (2019); such models do,
however, typically require large amounts of text-to-
text training data, as well as covering grammars,
both of which again require linguistic expertise.

3.4. Combining End-to-End and
Conventional Approaches

Itis also possible to combine the best of both worlds,
so to speak, by training models using the end-to-
end paradigm which do however still use phonemes



as an input or output unit: one recent example of
this is the Hybrid Autoregressive Transducer (HAT)
(Variani et al., 2020) for ASR, which combines end-
to-end models that output phoneme units with a
traditional finite-state transduction decoding graph
that uses a phonemic dictionary and verbalization
grammars. Similarly, in TTS, end-to-end models
can simply take phonemes produced by a conven-
tional text normalization front-end as input, e.g. as
in Skerry-Ryan et al. (2018); Yasuda et al. (2020).
In a related approach, (Kastner et al., 2019) de-
scribes an end-to-end TTS model that allows the
mixing of graphemes and phonemes in inference-
time inputs, allowing per-example control through
phonemic specifications where needed—but then
the question becomes how to decide when such
control should be exercised. Such best-of-both-
worlds approaches share one commonality: they
still require the same linguistic components as non-
end-to-end systems.

4. Conclusions

End-to-end speech models face challenges when
it comes to handling words with unusual grapheme-
to-phoneme correspondences (e.g. place names
and loanwords) and semiotic classes (e.g. num-
bers and time expressions), because there is a
large amount of arbitrariness in the correspon-
dences between spoken and written forms of hu-
man language, and because training data suf-
fers from poverty-of-the-stimulus issues. Tradi-
tional speech systems solved these challenges
through the explicit injection of linguistic knowledge,
e.g. through phonemic dictionaries or verbalization
grammars. With thousands of languages spoken in
our world, and very few of them covered by speech
technologies today, it would be great if we did not
need to curate such resources for every language,
but this is unlikely to be possible, given that the
mitigation strategies we reviewed still require sim-
ilar amounts of linguistic resources, as we have
discussed.

Importantly, we called out that the mitigation strat-
egy employed (mostly implicitly) for many end-to-
end systems will no longer work as end-to-end
approaches take hold that use relatively small
amounts of supervised training data. These ap-
proaches rely heavily on self-supervised learning
and multilingual modeling—an exciting develop-
ment that promises to help bring speech technolo-
gies to many more languages. At the same time,
as we have seen, these methods will likely need
to be combined with synthetic-data approaches (in
ASR), or best-of-both-world architectures, like the
use of phonemes produced by a conventional text
normalization front-end as the input unit to end-to-
end TTS models, or like HAT (Variani et al., 2020)

48

in ASR.

Fortunately, much work has been done to make
creating linguistic resources like phonemic dictio-
naries and verbalization grammars for new lan-
guages easier than ever (Kim and Snyder, 2013;
Rutherford et al., 2014; Deri and Knight, 2016; Lee
et al., 2020; Ritchie et al., 2019; Bleyan et al., 2019;
Ritchie et al., 2020), leading us to be optimistic
about the opportunities for bringing high-quality
ASR and TTS systems to more languages by com-
bining conventional linguistic resources with inno-
vative modeling approaches that require little su-
pervised audio training data.
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