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Abstract
In text-to-speech (TTS) model training, the saturation of the loss curve indicates how well a model learns the
characteristics of the training dataset. But it does not reveal the linguistic properties learned by the model. Existing
TTS approaches miss the potential to incorporate linguistic insights into model training. We introduce TTSVowelViz,
a novel tool that visualises static and dynamic vowel spaces during model training, bridging linguistic knowledge
and TTS model development. It helps identify which vowel sounds are accurately learned and how the vowel
spaces are evolved during training. To assess TTSVowelViz, we fine-tuned a TTS model from General American
English to New Zealand English and conducted a perception test. Our results show that the formants of specific
vowels in the vowel spaces generated by TTSVowelViz align with human perception, effectively visualising the
perceived accent shift. This work highlights vowel space visualisation as a valuable interpretability tool for TTS training.
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1. Introduction

Deep neural network (DNN)-based text-to-speech
(TTS) systems produce high-quality synthetic
speech (Kumar et al., 2023), and are evaluated
using subjective and objective methods after the
TTS (speech) model is trained (Loizou, 2011). If
evaluations reveal issues with the synthetic voice,
the model is typically retrained with more diverse
data, which is resource-intensive. During speech
model training, the saturation of the loss curve to
the minimum error helps determine when to stop
training, as it indicates how well the model captures
training data characteristics. However, the loss
curve does not pinpoint specific sounds that the
model struggles with (Abeysinghe et al., 2022). To
overcome this, it is crucial to identify which sounds
are accurately learned during training and which
sounds are not.

Current TTS training approaches overlook the
extensive linguistic knowledge available for many
languages, even those with limited speech data
for speech technology development. These meth-
ods are data-driven (Gladston and Pradeep, 2023),
missing the potential opportunity to incorporate lin-
guistic insights into model training.

Vowels constitute a significant portion of the
voiced sections in speech and are distinguished by
changes in first (F1) and second (F2) formants (Hil-
lenbrand et al., 1995). Variations in vowel pronun-
ciations are the primary differences among English
accents (Wells, 1982a, p. 181). The vowel space
maps vowel sounds onto a 2D space bound by F1

and F2 (Sandoval et al., 2013). It is widely used
to study language characteristics (Sandoval et al.,
2013; Jacewicz et al., 2007; Jongman et al., 1989;
Carey, 2004) across regions (Watson et al., 2016)
and time (Watson et al., 2018), and to provide lan-
guage learners with visual feedback for accurate
vowel production (Watson et al., 2017; Chao et al.,
2020; Brett, 2004).

Recently, vowel spaces have been explored as
a potential post-training measure for evaluating the
naturalness of synthetic speech (Albrecht et al.,
2022). Abeysinghe et al. (2022) visualised the evo-
lution of monophthongs in the vowel space dur-
ing speech model training, and An et al. (2024)
investigated how diphthongs evolve during train-
ing. However, both studies (Abeysinghe et al.,
2022; An et al., 2024) were conducted as proof-of-
concept experiments in which vowel spaces were
generated after training using model checkpoints
saved at selected training steps. Despite this limi-
tation, their findings suggest that observing vowel
spaces during model training can help evaluate
how well a model learns vowel sounds at each
training step. Automating vowel space generation
at training steps would allow such evaluations to be
performed during training.

We introduce TTSVowelViz, a novel tool to vi-
sualise static and dynamic vowel spaces during
speech model training, enabling real-time visualisa-
tion of model learning at each training step. Static
vowel space represents a vowel sound using a sin-
gle (F1, F2) pair (GUI block in Figure 1), averaged
across all occurrences of a vowel in a dataset. Dy-
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Figure 1: Workflow diagram of TTSVowelViz.

namic vowel space captures temporal changes in
formants during vowel production. The average
F1-F2 trajectory (Figure 1) is calculated per vowel
category. Monophthongs (e.g., 3:) show minimal
change in F1 and F2, while diphthongs (e.g., æO)
undergo formant transitions (Formant Extraction
block in Figure 1). Therefore, monophthongs are
commonly represented using the static vowel space
(Peterson and Barney, 1952), whereas diphthongs
are visualised within the dynamic vowel space (Ren-
wick and Stanley, 2020). However, when temporal
changes of monophthongs are of interest, they can
be incorporated into the dynamic vowel space for
visualisation (Watson and Harrington, 1999; Cox
et al., 2024).

Our interactive GUI-based tool enables users to
analyse vowel spaces and formant progressions
during training, examine vowel space shapes of
the learned language, and compare vowel spaces
across training steps. We fine-tuned a speech
model and conducted a perception test to assess
whether changes in the vowel spaces generated
by TTSVowelViz align with human perception of
synthesised vowels. While not replacing percep-
tion tests, TTSVowelViz provides real-time assess-
ment, helping optimise training parameters and
refine datasets, making it the first tool of its kind for
speech model evaluation.

In summary, the key contributions of this study
are as follows:

• A fully functional, interactive, and framework-
independent tool for visualising static and dy-
namic vowel spaces during the training of any
state-of-the-art TTS model. Unlike prior work
that visualised vowel spaces only after train-
ing using model checkpoints saved at selected
steps, our method enables interpretable, real-
time visualisation throughout model training.

• Formant extraction at any number of time
points across the duration of a vowel, allowing
for more granular vowel space representations,
addressing the limitations of previous methods
that relied on fixed time points.

• A vowel-based analysis demonstrating that
the formant shifts observed in the generated
vowel spaces align with human perception,
supported by both visual analysis and percep-
tion test responses.

For broader accessibility, TTSVowelViz has been
made publicly available as a Python package on the
Python Package Index (PyPI) (https://pypi.
org/project/ttsvowelviz/). An interactive
demonstration is also accessible at https://
pasindu-ud.github.io/ttsvowelviz/, al-
lowing users to explore its features.

2. TTSVowelViz

As shown in Figure 1, for any TTS model that is
being trained, TTSVowelViz workflow is as below:

Synthesis: Speech is synthesised from evalua-
tion texts at the training steps using intermediate
speech models (i.e., models trained up to a specific
training step). By requiring only the synthesis logic
of the model being trained, the tool remains TTS
model-independent. Integration with any model is
straightforward by aligning with the technical speci-
fications of TTSVowelViz.

Segmentation: Speech is segmented to iden-
tify phoneme boundaries using WebMAUS (Schiel,
1999), aligning it with text transcriptions to produce
TextGrids with timestamped phonemes.

Formant Extraction: Formants are extracted us-
ing the Parselmouth (Praat) (Jadoul et al., 2018)
library. For static vowel space, a single (F1, F2)
pair is obtained by either taking formants at a single
time point or averaging formants across multiple
time points in each occurrence (a user-selectable
option) and then averaging across all occurrences
of a vowel. As shown in the Formant Extraction
block in Figure 1, for dynamic vowel space, F1 and
F2 values are captured at multiple time points, with
averages computed per time point across all oc-
currences of a vowel. Averaging formants across
multiple occurrences of a vowel mitigates variability
in automatic segmentation and formant extraction
(Peterson and Barney, 1952; Kiefte and Nearey,
2017; Harrington et al., 1997).

Vowel Space Plots: TTSVowelViz illustrates the
extracted formants in an interactive GUI with static
and dynamic vowel space plots (Figure 2). The
static vowel space plots average (F1, F2) pair per
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Figure 2: Static and dynamic vowel space plots generated by TTSVowelViz.

vowel category, while the dynamic vowel space
traces F1-F2 trajectories over time. Both repre-
sentations use the Bark scale, where distances
between formants reflect perceptually equal dif-
ferences, making F1 and F2 values comparable
(Ross, 2024, p. 87). The plots include the following
to facilitate interpretability:

• Interactive Components: Each plot contains
multiple frames, navigable via a slider (Figure
2a). A frame represents a vowel space at a
particular step. Generated using Plotly1 library,
the plots allow users to hover over points for for-
mants, zoom in for details, and switch frames
to observe vowel space evolution.

• Ground Truth: The first frame shows the vowel
space derived from the dataset, reflecting the
language being learned. The static plot con-
nects point vowels to define the vowel space
shape (Figure 2a), while the dynamic plot con-
nects formants across time points to form F1-
F2 trajectories (Renwick and Stanley, 2020)
(Figure 2b).

• Synthesised Vowel Space: The static plot
tracks formant shifts over training steps, with
lines connecting points to indicate progres-
sion (Figure 2a). The dynamic plot shows
evolving formant trajectories smoothed with
splines (An et al., 2024) and includes (F1, F2)
vowel points from the static plot as a reference
(Figure 2b). The dynamic vowel space cap-
tures how adjacent sounds influence vowel pro-
duction, illustrating coarticulation effects and

1https://plot.ly

consonant-vowel interactions (Stanley et al.,
2021; Jansen, 2019).

Visualising vowel spaces at every training step
can be time-consuming, so users can select a sub-
set of steps or all if needed. Our tool allows cus-
tomisation through various user inputs, including
training steps, target language/accent with point
vowels, vowels for static and dynamic plots, time
points for formant extraction, text inputs for synthe-
sis, synthesis logic, and ground-truth dataset.

3. Experiments

To assess TTSVowelViz, we fine-tuned a speech
model from General American English (GAE) to
New Zealand English (NZE), explored the changes
in vowel spaces generated by TTSVowelViz during
training, and validated these changes through a
perception test.

3.1. Model Training and Fine-tuning
A Tacotron 2 (Shen et al., 2018) model, pre-trained
for 120000 steps2 on the LJSpeech dataset (Ito
and Johnson, 2017) (13100 audio clips, ≈24 hours,
GAE female), was fine-tuned on the Mansfield cor-
pus (Watson and Marchi, 2014) (831 audio clips,
≈1 hour, NZE female) for 28000 steps. Fine-tuning
was done on an NVIDIA Tesla K80 GPU with a
learning rate of 0.001 for ≈36 hours and stopped
at 28000 steps based on the loss curve.

2https://github.com/TensorSpeech/
TensorFlowTTS

https://plot.ly
https://github.com/TensorSpeech/TensorFlowTTS
https://github.com/TensorSpeech/TensorFlowTTS
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Monophthongs Diphthongs
IPA Wells Word IPA Wells Word

e DRESS head oI CHOICE lloyd
i: FLEECE heed æI FACE aid
U FOOT foot @0 GOAT oat
0: GOOSE goose æO MOUTH how’d
I KIT hid e: NEAR/SQUARE hear/hare
O LOT/CLOTH hod Ae PRICE hide
3: NURSE heard
5: START/BATH hard
5 STRUT hud
o: THOUGHT thought
æ TRAP had

Table 1: NZE vowels (Wells, 1982b) represented in International Phonetic Alphabet (IPA) symbols and
Wells’ keywords, with the words used in the synthesised word lists.

Parameter Value
Training steps 0, 1000, 3000, 7000, 10000, 16000, 20000, 28000
Target accent New Zealand English (NZE)
Point vowels FLEECE, THOUGHT, START

Static vowel space Vowels NZE monophthongs (Table 1)
Time points 50% (midpoint)

Dynamic vowel space Vowels NZE diphthongs (Table 1)
Time points 20%, 50%, 80% (An et al., 2024; Watson et al., 1998)

Inference Tacotron 2 (Shen et al., 2018)
Ground truth Mansfield corpus (Watson and Marchi, 2014)

Table 2: TTSVowelViz configuration.

3.2. Vowel Space Visualisation

Table 1 presents the NZE vowels, with the corre-
sponding words used in the synthesised word lists
to reduce coarticulation effects (Peterson and Bar-
ney, 1952; Harrington et al., 1997). In this paper,
the vowels are represented using Wells’ Lexical
Set (Wells, 1982a). TTSVowelViz was configured
using the inputs listed in Table 2. Twenty-five word
lists were created separately for monophthongs and
diphthongs, with words listed in Table 1 in different
orders to balance synthetic speech variations due
to neighbouring words and sentence positioning
(Abeysinghe et al., 2022).

At the selected training steps, TTSVowelViz syn-
thesised speech, segmented it, extracted the for-
mants, and generated static and dynamic vowel
spaces (Figure 3). The crosses and dots in Fig-
ure 3 represent the ground-truth and synthesised
vowels, respectively. The ground-truth vowel space
with dark green dotted lines in Figure 3 follows the
expected NZE triangular shape with three point
vowels (Ross, 2024, p. 5). In Figures 3a, 3b, and
3c, each colour represents a different NZE monoph-
thong. Synthesised vowels at each selected step
are labelled 0 to 7. Figure 3a shows the static vowel
space before fine-tuning, reflecting the synthetic

voice of the pre-trained GAE model. Figures 3b
and 3c illustrate vowel formant progressions (as ex-
plained in Section 2) with solid lines. For instance,
in Figure 3b, lines connecting points labelled 0 and
1 of the same colour indicate static vowel space
changes from 0 to 1000 steps. Figures 3d, 3e, and
3f illustrate the F1-F2 trajectories of diphthongs,
with marker sizes increasing from the first time point
to the last. They also include the monophthongs at
the corresponding steps.

3.3. Perception Test

We conducted a perception test3 to assess whether
formant changes for each vowel in the static vowel
spaces produced by TTSVowelViz align with human
perception. The test targeted nine NZE monoph-
thongs, including those differing most between
GAE and NZE (DRESS, FLEECE, GOOSE, KIT,
LOT, NURSE, START, and TRAP (Abeysinghe et al.,
2022; Ross et al., 2023)) and NZE point vowels
(FLEECE, START, and THOUGHT). Each vowel
appeared in the carrier sentence, “Say the word ...
again," with the ellipsis replaced by a word con-

3Approved by the University of Auckland Human Par-
ticipants Ethics Committee (Ref. UAHPEC22681) on
01/10/2021 for 3 years.
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(a) Static vowel space at step 0. (b) Static vowel space at step 10000.

(c) Static vowel space at step 28000. (d) Dynamic vowel space of ground truth.

(e) Dynamic vowel space at step 3000. (f) Dynamic vowel space at step 28000.

Figure 3: Static and dynamic vowel spaces at selected training steps. The highlighted vowels correspond
to those focused on in Section 4. Numeric labels in the plots correspond to fine-tuning steps: 0=0, 1=1000,
2=3000, 3=7000, 4=10000, 5=16000, 6=20000, 7=28000.
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Figure 4: Distribution of Likert-scale responses for the NZE accent in the perception test, visualised using
stacked bar graphs.

taining the vowel (Table 1). For each vowel, two
sentences were synthesised per step, resulting in
18(9× 2) sentences per step and 144(18× 8) total
across eight steps. In this online test, 23 partici-
pants (aged 22–57, mean = 33, SD = 12) rated
synthetic speech on a Likert scale from Not at all
like this accent to Completely this accent, adjusting
sliders for NZE and GAE. Among them, 13 were
first-language English speakers. All had lived in
New Zealand for over a year, were proficient in
English, and reported no hearing impairments.

4. Results and Discussion

This section presents the vowel space and percep-
tual analysis results, examining how formant move-
ments visualised with TTSVowelViz correspond to
the perception of accent change during training.

4.1. Monophthong Analysis
Plots generated by TTSVowelViz (Figures 3a, 3b,
and 3c) show how the model learns each NZE
monophthong during training. Comparing the
vowel space shape before fine-tuning (Figure 3a)
with the one at 28000 steps (Figure 3c) shows a
shift towards the triangular vowel space shape of
ground-truth NZE speech (Figure 3c), indicating an
accent shift from GAE to NZE. Differences in vowel
height between the ground-truth and synthesised
vowel spaces (Figure 3c) likely stem from differ-
ences in speaking style, as the ground-truth speech
was carefully articulated, while synthetic speech
has continuous patterns with minimal pauses.

Through a vowel-based analysis, we determined
whether the formant shifts in the generated vowel
spaces align with human perception. “Increase
in perception" refers to participants perceiving the
synthesised sentences as closer to NZE. Figure
4 presents the Likert-scale responses at selected
training steps, with stacked bars representing the
distribution of responses. A larger green section
indicates more participants perceiving the synthetic
speech as mainly/completely NZE-accented. Our
observations fall into four categories:

1) The vowel space moved towards the expected
NZE region, and perception increased (FLEECE,
NURSE, START, THOUGHT, TRAP)

TRAP is a mid-front vowel in NZE (Ross, 2024,
p. 44), while in GAE, it is a low-front vowel. Be-
fore fine-tuning, TRAP was in the low-front region
(highlighted red 0 in Figure 3a). It shifted to the mid-
front region in NZE during training (highlighted red
path in Figure 3c). This aligns with perception (Fig-
ure 4a), where mainly/completely NZE responses
increased from 12.5% at step 0 to 37.5% at step
28000. FLEECE, NURSE, START, and THOUGHT
followed a similar trend where the accent percep-
tion aligned with the vowel space movement.

2) The vowel space did not move towards the
expected NZE region, and perception decreased
(GOOSE)

GOOSE is a high-front vowel in NZE (Ross, 2024,
p. 14). Initially positioned in the high-back region
before fine-tuning (highlighted cyan 0 in Figure
3a), it shifted towards the high-central region by
step 3000 (point marked as 2 in the highlighted
cyan path in Figure 3b) and moved to the mid-
central region by step 28000 (Figure 3c). This
aligns with perception results (Figure 4c), where
mainly/completely NZE responses increased from
25% at step 0 to 33.4%(16.7%+16.7%) at step 3000
as GOOSE got closer to the expected NZE region,
before dropping back to 25%(12.5% + 12.5%) at
step 28000.

From the above observations, it can be seen
that all the long vowels (FLEECE, NURSE, START,
THOUGHT, GOOSE) influenced accent perception.
When GOOSE was not in the expected region in
the vowel space, participants struggled to identify
the accent of the synthesised speech. This indi-
cates that future NZE datasets should reconsider
the distribution of GOOSE. Also, more focus needs
to be placed on GOOSE to ensure that the speech
model learns it accurately, thereby facilitating accu-
rate accent adaptation.

3) The vowel space moved towards the expected
NZE region, but perception decreased (DRESS)
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Initially, the highlighted purple 0 of DRESS in
Figure 3a appeared in the mid-front region. By
28000 steps, it shifted towards the high-front re-
gion (highlighted purple path in Figure 3c). Despite
DRESS being known as a high-front vowel in NZE,
mainly/completely NZE responses declined from
37.5% at 0 steps to 25% at 28000 steps (Figure 4b).
This could be because the ground-truth dataset,
recorded in 2014 (Watson and Marchi, 2014), fea-
tures a raised DRESS, a well-known NZE marker.
However, Ross (2024) found that DRESS has been
lowering in NZE, which is likely what the perception
test participants expected.

4) The vowel space did not move towards the
expected NZE region, but perception increased
(KIT, LOT)

KIT is centralised in NZE (Ross, 2024, p. 7).
Though it stayed in the high-front region throughout
training (see highlighted black path in Figure 3c),
mainly/completely NZE responses increased from
0% at 0 steps to 37.5%(25%+12.5%) at 28000 steps
(Figure 4d). LOT also showed a similar behaviour.

The observations on KIT and LOT contradict our
expectations but are likely due to the quality of the
synthesised voice or due to both vowels being short,
giving participants less time to perceive accent dif-
ferences. However, the results also indicate that
more emphasis needs to be given to the distribution
of these vowels in the training dataset, and model
training could be modified to focus more on them.

The accent shift from GAE to NZE is evident as
most vowels in the synthesised vowel space moved
towards expected NZE regions (Ross, 2024, p. 44).
Perception test results reinforce this, with rising
mainly/completely NZE responses aligning with de-
clining not at all/slightly GAE responses. This con-
firms that TTSVowelViz effectively visualises the
perceived accent change.

We observed notable and rapid formant shifts
within the first 10000 steps. To analyse their statisti-
cal significance, we used linear mixed models with
training steps as the fixed effect and vowel occur-
rences as the random effect. The results indicate
that all monophthongs, except FOOT, exhibit signif-
icant formant shifts (p < .001) within 10000 steps.
This suggests that model training could potentially
stop at this point. However, further investigation is
needed to verify this claim.

4.2. Diphthong Analysis
Formant trajectories of diphthongs in the dynamic
vowel spaces generated by TTSVowelViz (Figures
3d, 3e, and 3f) visualise F1 and F2 changes over a
vowel’s duration and their evolution during training.
At step 28000 (Figure 3f), FACE and NEAR vowels
closely resemble the ground truth (Figure 3d). In-

terestingly, MOUTH and PRICE match the ground
truth better at 3000 steps (Figure 3e), indicating
they were learned earlier, but accuracy was re-
duced with further fine-tuning. A future perception
test could assess whether human perception aligns
with these trajectory shifts. As with the static vowel
spaces, by observing the dynamic vowel spaces,
we determined that the most notable formant shifts
occur within the first 10000 steps, which cannot be
inferred solely from Figures 3d, 3e, and 3f.

TTSVowelViz provides a linguistically grounded
and interpretable method for evaluating speech
models, and allows researchers to visualise the
evolution of vowel spaces in speech models. Fu-
ture work could use vowel space changes to de-
termine optimal early stopping points for training,
complementing loss curves. Additionally, quan-
tifying the differences between ground-truth and
synthesised vowel spaces could refine loss func-
tions or attention mechanisms, thereby improving
the naturalness of speech synthesis.

5. Conclusion

This study introduces TTSVowelViz, a tool for vi-
sualising static and dynamic vowel spaces during
speech model training. It offers an intuitive way
to evaluate how well a model aligns with expected
language characteristics, providing an interpretable
approach to improve TTS systems. TTSVowelViz
paves the way for model training methods that can
adapt to learn vowel spaces accurately. We aim to
encourage speech researchers to consider vowel
space accuracy more closely in model develop-
ment, contributing to speech synthesis informed by
linguistic knowledge.

6. Ethical Considerations

TTSVowelViz does not collect new data. But its
evaluation involves speech corpora and human per-
ception testing, which raises ethical considerations.

• Data Use and Consent: All speech data were
obtained from publicly available or appropri-
ately licensed datasets. For perception tests,
participants provided informed consent, and
no personally identifiable information was col-
lected. Participation was anonymous and vol-
untary, with the option to withdraw at any time.

• Potential Misuse: TTSVowelViz is not suscepti-
ble to misuse within TTS, as it functions solely
as an interpretability tool. However, TTS mod-
els analysed using the tool could potentially be
misused for impersonation, voice cloning, or
the generation of deceptive content. Therefore,
the responsible deployment of TTS systems
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should incorporate safeguards such as water-
marking and usage policies.

• Broader Impact: By introducing vowel space
visualisation into TTS model training, this work
promotes linguistically informed interpretability.
This can support the identification of modelling
biases and enable more informed speech eval-
uation across languages and accents.

7. Limitations

As one of the first efforts to introduce linguistically
grounded visualisation of TTS training, TTSVow-
elViz focuses on vowels and does not capture other
phonetic and prosodic features such as consonants,
rhythm, or intonation. Future research may extend
the approach to additional speech features.

The visualisations rely on automatic segmenta-
tion and formant extraction from synthetic speech,
which may introduce variability. To mitigate this,
we average formant values across multiple occur-
rences of a vowel.

The empirical evaluation in this study is limited to
a single English accent. However, TTSVowelViz is
designed to be both language- and accent-agnostic.
Validation across additional languages, accents,
and TTS architectures would further demonstrate
its general applicability.

TTSVowelViz is intended as an interpretability
tool. It complements, rather than replaces, exist-
ing objective and perceptual evaluation methods in
TTS research.
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