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Abstract

Global style tokens (GSTs) allow for rich modelling of the
variation in a speech corpus and subsequent control of text-to-
speech synthesis (TTS). However, certain styles of speech may
be marked by variation along multiple dimensions, complicat-
ing the interpretation and control of learned style tokens. One
example is hyperarticulated or ‘clear’ speech, for example as
directed toward listeners with hearing impairments or language
learners in the classroom, which in English is characterised by
reduced speaking rate, increased FO, more careful articulation
of vowels and plosive consonants, and other factors. We present
a method for simplifying control of style tokens by applying
principal components analysis (PCA) to GST weights from a
TTS system trained on both plain and clear speech. We identify
the axes of variation in PCA space with the acoustic correlates
of clear speech in English and show that we can synthesise ei-
ther style by moving along a single dimension in that space.
Index Terms: controllable speech synthesis, speech style em-
bedding, hyperarticulated speech

1. Introduction

One of the core challenges of acoustic modelling in text-to-
speech synthesis (TTS) is the one-to-many relationship between
text and speech. That is, for any given text input there are nu-
merous possible speech outputs depending on the communica-
tive context. Prior work on style variation focuses on both ‘ex-
pressive’ TTS, aiming to model complex variation in prosody
[1] or synthesising emotional speech [2], and modelling non-
emotive styles such as whispered speech, or Lombard speech
for application in transit systems or other noisy environments
[3]. Lombard speech is one example of hyperarticulated speech
[4], where speakers adjust their articulatory movements during
speech production with the goal of improving intelligibility for
the listener. In the case of Lombard speech, this is motivated
by a noisy environment surrounding the speaker, but similar ar-
ticulatory adjustments have also been found in speech directed
toward listeners with impaired hearing [5, 6, 7].

We are interested in synthesising hyperarticulated speech
for application in computer-assisted language learning [8],
specifically in the context of language revitalisation where lim-
ited speech data is available [9]. The possible benefits are
twofold: high-quality TTS would allow for arbitrary generation
of speech examples for students, while hyperarticulation may
facilitate learning pronunciations of new words and unfamiliar
speech sounds [10]. We also consider that listeners might want
explicit control over the degree of hyperarticulation in gener-
ated samples, for example moving from very clear and careful
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speech in early language learning toward a more fluent and con-

versational style as they gain familiarity with the language.
Previous studies have found multiple acoustic correlates of

hyperarticulated speech in English [5, 6], including:

* Decreased speaking rate, both through additional pause in-
sertion and lengthening individual speech sounds.

* Higher mean FO, with higher maximal values leading to
sharper utterance-final declinations.

* More consistent release of plosive bursts in all positions.
¢ More dispersed vowel spaces as measured by F1 and F2.

This presents a challenge for acoustic modelling of a com-
plex multivariate distribution over these factors. While previous
work has used jointly-trained 1-hot style embeddings to model
plain, whispered and Lombard speech in a single TTS system
[3], others have found Global Style Tokens (GSTs) [1] to work
better, for example in emotional speech synthesis [2]. In the
GST approach, a set of latent style tokens are learned directly
from reference audio during training, and combined through an
attention mechanism to provide a style embedding which can
be used to condition other parts of the TTS model. This has the
benefit of additional flexibility from weighted combination of
multiple style tokens, and the ability to discover variation in the
training data not captured by discrete style labels.

The authors in [1] present some interpretation of style to-
kens learned with a simple attention mechanism yielding style
embeddings through weighted summation of N GSTs each of
D dimensions, and control synthesis by conditioning on a single
scaled token at a time. However, they also note improved style
transfer performance using multi-head attention, where h atten-
tion heads each output an embedding of size D /h from N style
tokens, which are then concatenated. This in turn increases the
dimensionality of style token weight vectors, which ultimately
control the synthesis, from [NV weights to N x h, complicating
analysis, interpretation, and explicit control.

In [2], utterances from a labelled emotional speech corpus
are projected into the GST weight space of such a model, and
emotion centroids are extracted to provide a set of reference
weights for later speech synthesis. While this approach im-
proved upon a baseline system using joint 1-hot emotion em-
beddings, it does not provide a principled way to navigate the
discovered style embedding space. In [11], the authors investi-
gate correlations between the dimensions of a style embedding
space and four acoustic measures: FO mean and standard devia-
tion, spectral tilt and speech rate. They are then able to make ad-
justments directly in the style embedding space based on regres-
sion models for each feature, providing an interpretable method
of control in terms of prominent prosodic features. However,
this approach relies on a known set of easily-measurable acous-
tic correlates, which is not the case for some aspects of hyperar-
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ticulated speech such as careful articulation of plosive releases.

To address these challenges, we present a method for low-
dimensional control of GST synthesis by projecting multi-head
attention token weights using principal components analysis
(PCA). For this, we train a FastSpeech 2 [12] system with a GST
style embedding layer on the Alba speech corpus [13], which
includes both normal speech and speech directed to a hearing-
impaired listener, and then fit a PCA transform of the GST
weights extracted from utterances in both styles. We find that
the resulting PCA space effectively aggregates multiple acous-
tic factors distinguishing plain and hyperarticulated speech, so
that we can synthesise in one style or the other by moving along
a single dimension. We verify this controllability through a sub-
jective listening test wherein participants rank samples accord-
ing to how carefully they perceive the speaker to be talking. Fi-
nally, we provide acoustic analyses for two prominent aspects
of hyperarticulated speech, namely FO and duration, comparing
the outputs of our TTS system against natural speech.!

2. Data and TTS model specifications

The Alba speech corpus comprises around 4 hours of normal
read speech (denoted Plain) and 20 minutes each of parallel
texts read in three additional styles: fast, computer-directed and
clear speech [13]. All utterances were read by a Scottish female
voice talent with specific instructions for each style. For the
clear speech partition (clear_h in the original corpus descrip-
tion, henceforth Clear), the voice talent was instructed to speak
“as if talking to somebody with a hearing impairment” [14];
this data collection strategy is consistent with previous phonetic
studies on clear speech phenomena [6].

We selected a FastSpeech 2 architecture for its ease of train-
ing with limited data [9] and explicit control of FO and duration
through its variance adaptors. We used the ESPnet2 implemen-
tation [15], which optionally includes a GST layer with multi-
head attention as described in [1]. The resulting style embed-
ding is added to hidden representations from the text encoder
before the variance adaptors, so that symbol-level duration and
FO predictions are conditioned on style information from the
target audio. To train the duration predictor, we used Kaldi
[16] to extract forced alignments for each utterance, using the
Edinburgh-accented Unisyn pronunciation lexicon [17].

We used 4,768 utterances for training, including 314 par-
allel texts read in both Plain and Clear styles (628 utterances
total), and reserved 60 parallel utterances per style (120 total)
for evaluation. All audio was downsampled from the origi-
nal 48 kHz to 22.05 kHz. Our FastSpeech 2 GST system was
trained for 200 epochs, taking reference audio matching the
target Mel spectrogram to train the GST layer. At synthesis
time, we instead pass explicit GST weight values, synthesising
without any input audio. We also trained a HiFi-GAN vocoder
with the default V1 configuration [18] for 2.5 M steps on the
same training utterances, using the implementation from [19]
as expected by ESPnet2. To remove over-smoothing artefacts at
synthesis time [20], we find it sufficient to add a small amount
of Gaussian noise € ~ A(0,0.01) to the predicted Mel spec-
tograms, rather than fine-tuning the vocoder.

3. PCA analysis of GST weights

Since our aim is to capture the systematic variation between the
Plain and Clear speaking styles, we applied PCA to the GST

! Audio samples: https://edin.ac/clear-speech-gst
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Figure 1: Initial PCA projections of GST weights for parallel
utterances, labelled by style. Black circles mark cluster means.
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Figure 2: PCA projections of GST weights for combinations of
PCAI-4, after removing the Plain utterances in the red cluster
in Figure 1, showing Plain (blue) and Clear (orange) styles.
The top left plot shows cluster means (black dots) and control

steps along PCAI (indexed -2, -1, 0, +1, +2) used for synthesis.

weights of the combined set of parallel Clear and Plain training
utterances. We reasoned that matched text and an equal bal-
ance of utterances would best represent the distribution of GST
weights across the two styles. The first observations from initial
application of PCA are presented in Figure 1. While the Clear
utterances form a single cluster, we note that the Plain utter-
ances are split into two distinct clusters, separated most appar-
ently in the PCA4 direction. This suggests that the Alba speaker
used (at least) two distinct styles when reading Plain utterances,
which we confirmed both by listening to natural speech record-
ings from each cluster and synthesising utterances using GST
weights recovered from their respective mean points (black).
To avoid mixing two different Plain styles, we removed
the 66 utterances corresponding to the red points and re-ran the
PCA. Figure 2 shows the updated result, and Figure 3 shows the
variance explained by each principal component. We see that
PCA1-4 account for around 80% of the variance in the data,
with PCA1 alone covering nearly 50%. This is visible in the
top row plots in Figure 2, where the data are now distributed in
two distinct clusters along PCA1, whereas there is significantly
more overlap for all dimensions beyond PCA1. This all indi-
cates that PCA1 largely divides the two styles, so we chose this
as our control dimension. To evaluate this, we chose 7 points
along this axis, 5 of which are shown in the top left plot of Fig-
ure 2: 0 is set to the global mean point, £2 are the max and
min observed PCA1 values respectively and 4/ are the mid-
points between those. In addition, to explore potential for style
extrapolation, we chose two further points beyond the observed
range of GST values, &3, which are half as far again from the
0 point as 2. We use these values for PCA1 and set all other
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Figure 3: Percentage variance explained, for PCA in Figure 2

PCs to their global mean values, then apply the inverse PCA
transformation to retrieve new GST weight values for synthe-
sis. In this way, we have effectively reduced 40 GST dimen-
sions (4 heads x 10 tokens) to a single one, and could extend to
4 control parameters covering 80% of the variation in our data.

4. Subjective evaluation

We evaluated the overall audio quality of our trained system and
the extent to which we can control how clearly the model speaks
through a subjective listening test. We recruited 30 native En-
glish speakers from the UK to take part in the two-part test. The
test took around 15 minutes for participants to complete on av-
erage, and listeners were paid £3.50 for their responses.

4.1. Audio quality

In the audio quality test, we compared our GST model against
a baseline FastSpeech 2 model using jointly-trained 1-hot style
embeddings corresponding to the Plain and Clear class labels
in our subset of the Alba corpus, trained for the same num-
ber of epochs as the GST system. This model should be less
able to model variation in the data than a GST system, reduc-
ing variation within each labelled class to the mean. We also
presented four GST voices, using the mean PCA1 values for
Plain and Clear data and the out-of-distribution points at the £3
points on that axis. Finally, we included natural recordings from
both Plain and Clear utterances. We split participants across
two blocks of 32 questions each, with each model synthesising
4 randomly-selected utterances which do not overlap between
blocks (so each system is evaluated on 8 utterances overall), for
a total of 120 ratings per system. Participants were instructed to
rate each on a scale from 1-5, and to “Ignore how the person is
talking, for example how fast or slow, or how carefully, and only
focus on the recording quality when making your decision.”
The results from this part of the test are shown in Figure 4.
Between Plain and Clear groups, we can see that Plain utter-
ances tend to score slightly higher than Clear ones. Clear natu-
ral speech samples are rated significantly higher than all Clear
synthesised utterances (according to a Mann-Whitney U test
with Bonferroni correction for repeated pairwise comparisons,
at the 95% confidence level), whereas for Plain TTS, only the
GST +3 voice is significantly worse than natural speech. More
specifically, the Clear GST -3 voice appears to rate lowest over-
all, and is rated significantly worse than Plain I-hot and GST
mean, although not worse than the other Clear TTS samples.
Plain GST +3 also scores significantly worse than Plain GST
mean. This further indicates that extending beyond the range of
GST weight values seen during training can introduce artefacts
in the generated speech which reduce overall perceived quality.
Finally, although the Plain 1-hot voice appears to have a
longer tail of low ratings compared to other Plain TTS systems,
they are not significantly different from each other. This runs
counter to our expectation that the /-hot model should be less
able to model variation in the data, for example the two dif-
ferent (unlabelled) styles of Plain speech noted in Section 3,
which will both contribute to a single average Plain represen-
tation in this model, landing at a point somewhere between the
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Figure 4: Box plot of audio quality MOS results, grouped into
Plain (P) and Clear (C) utterances. Solid bars indicate median
quality ratings, diamonds indicate mean scores, circles outliers.
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Figure 5: Clearness AB results for utterances synthesised at dif-
ferent points along the PCAI axis. Worth values and 95% confi-
dence intervals from a Bradley-Terry model of system rankings.

two groups. It seems that this intermediate representation is
nonetheless able to produce acceptable audio quality, even if
the style might be somewhat inconsistent.

4.2. Style controllability

To assess the controllability of Clear and Plain speech styles,
we synthesised test utterances using GST weights at 9 different
points along the PCAL1 axis: the 7 points in the interval [—3, 3]
as defined in Section 3, plus the mean point for each style. We
then asked listeners to compare pairs of utterances at different
points, and to select which one “sounds most like the person
is trying to speak clearly or carefully,” focusing on articulation
and ignoring raw audio quality. There are 36 combinations of
these 9 points along the PCA1 axis, with each voice appearing
in 8 pairs, synthesising a different utterance each time. Listen-
ers heard one example of every voice match-up, generating 240
comparisons per voice.

The results for this AB clearness test are shown in Figure 5.
Following [21], we fitted a Bradley-Terry model [22] to paired
comparison responses (using the PlackettLuce R package
[23]). This model assigns worth values to each voice based on
how often it is preferred over others, which we can use to com-
pare any pair of systems and determine if there is a significant
difference along the axis of interest. Given our question formu-
lation, asking listeners to select the most clearly-spoken of two
systems, we set the origin point along PCA1 GST 0 as a refer-
ence point (worth := 0), and expect Clear and Plain voices to
have higher and lower worth values respectively.

As expected, we see that synthesising at points further to-
ward the Plain end of PCA1 produces samples which are con-
sistently judged less clearly-spoken. Considering the 95% con-
fidence intervals around calculated worth values, Plain GST
mean is rated significantly less clear than the global mean
GST 0, and the extreme GST +3 is significantly less clear than
both; there is no significant difference between the intermediate
points, however. For Clear speech, we again see some appar-
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ent difficulty in fine-grained synthesis control: while samples
from all Clear points along PCA1 are rated significantly more
clearly-spoken than GST 0, there are no significant differences
between them internally. We attribute this to a possible mis-
interpretation of our task instructions, where participants may
have conflated two senses of the word “clear”: the Clear speech
style we intended them to judge vs. how easy it was to under-
stand the samples through any audio quality artefacts. In that
case, as more extreme GST values reduce overall audio quality,
even as their articulations may become more Clear, we would
expect a balancing effect on final worth values as seen here.

5. Acoustic correlates of clear speech

In addition to subjective evaluation, we can measure the extent
to which our synthesised samples match the expected acoustic
characteristics of the target speech styles.

5.1. FO

In the natural speech recordings from the Alba corpus, we
observe a general tendency toward higher mean FO in Clear
speech compared to Plain. This is evident in the centre plot
of Figure 6, which shows the distribution of average FO val-
ues calculated per utterance in the test set (extracted using the
PYIN algorithm [24]). While the Plain GST mean achieves a
mean FO value close to natural utterances, the overall distribu-
tion of average FO values per utterance is more closely matched
at the GST +3 point. For Clear speech, we see that the Clear
GST mean weights have a lower average FO than natural ut-
terances, and that the distribution of FO values is much wider,
largely overlapping with natural Plain utterances. At the Clear
GST -3 point, the average FO across utterances is very close to
the natural mean, but the distribution of values remains wider,
and extends beyond the upper limits in the reference recordings.
While we indeed found Clear TTS samples to sound noticeably
higher pitched than Plain, these measurements suggest a lack of
adequate control and realisation of natural FO variation between
the two styles. We speculate that this may also contribute to the
lower audio quality ratings for Clear TTS in our listening test.

5.2. Duration

‘We measure phone durations based on forced alignments for 30
natural speech test utterances each from Plain and Clear styles,
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Table 1: Average duration (ms) per phone class in Plain and
Clear styles for natural speech and TTS samples synthesised
using mean GST style embeddings. C/P denotes relative dura-
tion in Clear style compared to Plain.

Natural Synthesised
Phone class Plain Clear C/P  Plain Clear C/P
Vowel 79.7 1152 145 82.3 999 121
Plosive 94.7 1405 1.48 96.6 1202 1.24
Fricative 91.7 1249 1.36 850 1035 1.22
Nasal 81.8 110.0 1.35 76.5 949 1.24
Approximant 732 100.3 1.37 60.1 858 143
Affricate 106.7 1179 1.11 1274 1230 0.97

and from TTS-predicted durations for the same utterances us-
ing GST mean weights, all manually-corrected (this effort pre-
vents us from comparing more synthesised samples, e.g. from
GST £3). Clear speech tends to be elongated relative to Plain in
two ways: by increasing the number and duration of pauses be-
tween words, and by increasing the duration of individual phone
articulations. Across the 30 parallel test utterances, there are 17
short pauses in the Plain style with average duration 140.8 ms,
and 66 in Clear averaging 268.4 ms. Without a principled way
to predict the placement of short pauses for TTS, however, we
synthesised all listening test stimuli without including explicit
pauses between words. Table 1 shows the average durations of
broad phone classes in the two speech styles for both natural
speech and synthesised samples, and the relative increase in du-
ration in Clear over Plain speech. We see that while our TTS
system closely matches the duration of nearly all phone classes
in Plain speech, it tends not to elongate them to the full extent
when synthesising with the Clear GST mean weights, although
the increased durations are still noticeable.

6. Conclusion

In this paper, we presented an approach for controlling synthe-
sis of plain and hyperarticulated (or ‘clear’) speech styles by
a TTS system equipped with global style tokens. Rather than
synthesising from reference audio or directly manipulating the
40-dimensional GST weights used by our system, we used PCA
to project the learned GST weights into a lower-dimensional
representation capturing most of the acoustic variation which
characterises the two styles. In this way, we were able to syn-
thesise recognisably hyperarticulated and plain speech by mov-
ing along a single dimension in the PCA space to generate GST
weights, according to a subjective listening test. However, our
attempts to control the degree of hyperarticulation showed lim-
ited success: moving beyond the range of GST values observed
during training introduces audible acoustic artefacts, which we
believe impacts listener judgements and limits our ability to
evaluate the controllability of our system.

We also measured some of the acoustic correlates of hy-
perarticulated speech in English as they occur in natural ut-
terances and our TTS samples, namely raised FO and longer
phone durations. Again, we found that our model approaches
but does not match the full extent of variation in clear speech
along these dimensions. Motivated by potential applications
in computer-assisted language learning, especially in the con-
text of language revitalisation, further work should include
language-specific analyses of how hyperarticulated speech is
expressed, and whether the style is adequately modelled using
standard TTS architectures.
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