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Abstract
Speech disorders can make communication hard or even impos-
sible for those who develop them. Personalised Text-to-Speech
is an attractive option as a communication aid. We attempt
voice reconstruction using a large speech model, with which
we generate an approximation of a dysarthric speaker’s voice
prior to the onset of their condition. In particular, we investigate
whether a state-of-the-art large speech model, Parler TTS, can
generate intelligible speech while maintaining speaker identity.
We curate a dataset and annotate it with relevant speaker and
intelligibility information, and use this to fine-tune the model.
Our results show that the model can indeed learn to generate
from the distribution of this challenging data, but struggles to
control intelligibility and to maintain consistent speaker iden-
tity. We propose future directions to improve controllability of
this class of model, for the voice reconstruction task.
Index Terms: voice reconstruction, Text-to-Speech, dysarthric
speech

1. Introduction
Speech disorders, caused by various neurological disorders,
are increasing worldwide. Particularly, over 50 million people
have developed a neurodegenerative condition, with the World
Health Organisation estimating that it will double in the next 30
years [1]. Eventually, some of these people will become users
of a voice output communication aid (VOCA), which uses Text-
to-Speech (TTS). Advances in TTS and voice conversion (VC)
have enabled the creation of personalised VOCAs, producing
intelligible speech that maintains some of the speaker’s voice
characteristics, such as their pitch patterns and accent. Using a
VOCA system with a personalised voice leads to an improved
identity of the self in the user [2]. Several companies currently
offer this type of service, including SpeakUnique [3] and Vo-
calID [4].

Recently, TTS has shifted paradigm from training models
from scratch to fine-tuning base models, as in other fields like
computer vision or natural language processing. These models
are now generative, and even though they give good results in
terms of naturalness, they still exhibit variability in speaker and
accent consistency [5], even for a target speaker with healthy
speech. It is not yet known how these models perform for voice
reconstruction, which we define as synthesising in the voice of a
target speaker whose recordings have disordered speech charac-
teristics, but where the synthetic output should “remove" those
disordered traits while maintaining speaker qualities, including
pitch and accent.

For our experiments, we use the large speech model archi-
tecture, Parler TTS [5, 6]. Our goal is to improve intelligibility
by focusing on minimising imprecise consonants, a trait asso-

ciated with dysarthria. Dysarthria is a speech disorder caused
by the weakening of the speech production muscles, resulting
in slow, slurred speech with articulation difficulties. We create
a proof-of-concept model and evaluate whether we can control
intelligibility and speaker identity, and thus perform voice re-
construction. Before starting this work, our hypothesis was that,
while the model will be able to sample from the distribution of
healthy and disordered speech traits represented in the data, it
will not be able to control these characteristics and consistently
reconstruct a voice.

To the best of our knowledge, this is the first attempt at
voice reconstruction with a large speech model. In addition
to constructing a proof-of-concept system that is reproducible,
we investigate how commonly-used objective metrics, such as
Word Error Rate (WER), speaker similarity, and objective mean
opinion score (MOS) perform for dysarthric speech. We also
propose future work on how to improve the controllability of
large speech models for the voice reconstruction task.

2. Voice banking and reconstruction

Traditionally, personalised VOCAs have relied on Voice Bank-
ing: recording the user’s voice prior to disease onset, or in the
very early stages, then using these recordings later to build a
personalised TTS [7, 8]. This works well, except that, it does
not cater for users that already exhibit disorders in their speech.

Voice reconstruction (or “repair") techniques have been
proposed for this situation. There are two distinct lines of work
in the literature. In one, there are attempts to reconstruct the
voice recordings, which can then be used as the data for building
a TTS voice. Authors in [9] proposed using signal processing,
while others used Voice Conversion to transform healthy speech
samples (from other speakers) to the target speaker’s character-
istics, but without their dysarthric traits [10, 11, 12, 13, 14].

In the other line of work, the reconstruction is attempted
within the TTS system. A HMM-based speech synthesis ap-
proach [15, 7] involves training an average voice model of sim-
ilar characteristics (perceived gender and accent) and a user
voice model. Repair is achieved by substituting or interpolat-
ing parts of the user model with corresponding parts of the av-
erage voice model. Initially, this required expert speech thera-
pists to decide which parts to repair, but an automatic process
was developed later [16]. More recent work, using deep learn-
ing, proposed an augmented reconstruction loss that guides the
TTS model to produce healthy speech articulation [17].

Interspeech 2025
17-21 August 2025, Rotterdam, The Netherlands

4138 10.21437/Interspeech.2025-2679



3. Dataset
3.1. Speech Accessibility Project dataset

We used the Speech Accessibility Project (SAP) dataset of En-
glish speech [18], designed for improving speaker-independent
automatic speech recognition systems, as our source of
dysarthric speech. We selected the SAP dataset instead of other
widely used datasets because of its higher recording quality, to-
tal amount of speakers, and recorded data per speaker [19].

We used the data release from the SAP challenge at In-
terspeech 2025. We selected Amyotrophic Lateral Sclerosis
(ALS) and Cerebral Palsy (CP) etiologies because these condi-
tions are more prone to manifest dysarthric speech. For exam-
ple, 80-90% of individuals with ALS end up developing severe
dysarthria, which requires them to use augmentative and alter-
native communication systems at some point [20]. We removed
annotations in the transcription, keeping only the message of
the speaker. We retained both read and spontaneous speech.
We took the average of all ratings provided per speaker for ‘Im-
precise consonants’ as a proxy for intelligibility because it is
strongly linked to articulation. These ratings were provided by
speech therapists on a 1-7 Likert scale, with 1 corresponding to
lowest severity, and 7 to highest. Speakers without ratings were
discarded. Because the dataset does not provide each speaker’s
gender, we used an XLSR-53 based automatic gender recogni-
tion model1 [21] to obtain those labels2.

In total, the curated SAP dataset contains 22.97 hours of
speech. It includes 22 speakers with an average of 1 hour of
speech (min 0.23 hours, max 2.66 hours, sd 0.47 hours).

3.2. Constructing a matched control dataset

In order to fine-tune the model for the voice reconstruction task,
we need “healthy” speech along with dysarthric speech, which
serves as examples of target articulation. As the SAP dataset
does not contain speech of undiagnosed participants, we se-
lected speakers from the English training partition of the Mul-
tilingual LibriSpeech (MLS) dataset [22]. The MLS dataset is
comprised of audiobook recordings, and is part of the training
set for the Parler TTS model we used. Each SAP speaker was
matched to a speaker in the MLS dataset by predicted gender
and total data length. Given the age population difference be-
tween the SAP and MLS datasets, and the potential unreliability
of age classifiers, we did not attempt to match speakers by age.

Parler TTS uses text descriptions (prompts) of the speaker
and speaking style, so the fine-tuning data needs to be annotated
with these: i.e., they are labels on the fine-tuning data. We used
the DataSpeech package [5, 6], to do this, for all data above.
Our prompts include a description of the intelligibility rating
(for the healthy controls3, 0: ‘Extremely good intelligibility’;
for the SAP dataset, 1: ‘Very good intelligibility’, 2: ‘Good in-
telligibility’, 3: ‘Slightly good intelligibility’, 4: ‘Slightly poor
intelligibility’, 5: ‘Poor intelligibility’, 6: ‘Very poor intelligi-
bility’, 7: ‘Extremely poor intelligibility’). The prompts also
include a unique name for each speaker in the dataset according

1https://huggingface.co/alefiury/wav2vec2-large-xlsr-53-gender-
recognition-librispeech

2Gender recognition systems have limitations. They cannot label the
gender of a speaker, but only generalise to what their gender might be
perceived as. The model we use is trained to produce a binary output,
which does not reflect the spectrum of gender identity.

3Speakers in the healthy control dataset are likely not to be all
equally intelligible, but differentiating intelligibility amongst them is
out of scope for this work.
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Figure 1: Distribution of speech samples by intelligibility rat-
ing. All control speakers are assumed to have healthy speech
and so are given a rating of 0; ratings of 1 - 7 are for speakers
in the SAP dataset (dysarthric speech). The number of speakers
is indicated above each bar.

to the predicted gender (e.g. Carla, Jason). The matched con-
trol dataset contains a total of 22.94 hours of speech, with the
same amount of speakers and data distribution than in the SAP
dataset (i.e. 22 speakers, min 0.23 hours, max 2.66 hours, sd
0.47 hours).

Figure 1 displays the percentage of data per intelligibility
rating in the combined dataset, and the total number of speakers
for each category. No speakers in the dataset have an articu-
lation rating of 6 or 7. Therefore, the distribution within the
SAP portion is skewed towards intelligibility ratings of lower
severity (i.e., more intelligible, ratings of 1-3), while the entire
control portion has a rating of 0.

4. Method
4.1. Model

We fine-tuned Parler TTS Mini v0.1 [5, 6] with the combined
SAP and matched control data, in a similar fashion to models
previously fine-tuned on healthy speech4. Sampling rate for
all data is 44.1 kHz. Any samples longer than 20 s or shorter
than 2 s, or text length over 400 characters, were discarded. We
trained for 2 epochs, with the following parameters: batch size
of 2, Adam beta1 0.9, Adam beta2 0.99, weight decay 0.01, con-
stant_with_warmup learning rate scheduler, which keeps the
learning rate high, and warmup steps 50. Using one NVIDIA-
A100-SXM4-80GB GPU, fine-tuning took 2 hours.

4.2. Inference

We carefully selected 3 speakers (which we refer to here as A,
B, and C) from the SAP dataset, based on their intelligibility
ratings (1, 2, and 5) and on their distinct speaker traits, which
should facilitate assessing if speaker identity is consistent. We
also selected 3 speakers from the matched control data (which
we refer to here as D, E, and F). For each of the 6 speakers,
we synthesised test sentences at each intelligibility rating, from
that speaker’s true intelligibility rating, in steps of 1, up to a
rating of 0 (i.e., healthy). For speakers D, E, and F, this means

4https://github.com/huggingface/parler-tts/tree/main/training#3-
training
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only synthesising at a rating of 0. That is, we do not attempt to
degrade any speaker’s intelligibility.5

As test material, we selected 2500 sentences from the Clar-
ity 2021 challenge devset6 [23]. We chose the Clarity devset
because the sentences contain 7-10 words, were checked manu-
ally for acceptable grammar and vocabulary [23], and are not in
either the original training data or the fine-tuning data for Parler.

For each speaker, we synthesised speech samples using var-
ious prompts, ranging from the speaker’s original intelligibility
rating (e.g., ‘poor intelligibility’) to fully-healthy speech (i.e.,
‘extremely good intelligibility’). The prompt template was:
“[Name of the speaker] speaks with a monotone and medium-
pitched voice, with [intelligibility rating], and is delivering
[his/her] speech at a normal speed in a confined environment.".
For each speaker and intelligibility rating, we only generated a
single rendition of each sentence. Note that Parler TTS is a gen-
erative model, so each rendition will randomly vary. How best
to sample from such a model is an active line of research [24].

4.3. Evaluation

We evaluated the model with a combination of objective mea-
sures and expert listening7. Subjective evaluation by non-expert
listeners was not used because such listeners will not be famil-
iar with the voice reconstruction task, and will generally have
no experience in listening to dysarthric speech. As a point of
comparison, previous work has shown that listeners struggle to
assess how similar a speaker is when speaking in different lan-
guages [25]. Using subjective evaluations to assess voice recon-
struction poses very interesting questions, but these are out of
scope for now.

We evaluated intelligibility, speaker similarity, and natural-
ness using objective measures. We employed widely-used state-
of-the-art tools - Whisper large [26] to measure intelligibility in
terms of WER, Resemblyzer [27] for speaker similarity, and
UTMOS [28] for objective MOS naturalness.

But before deploying these tools on the synthetic speech,
we first investigated how they perform on natural dysarthric
speech recordings, and on the healthy control speech data. We
expected that WER will increase as intelligibility decreases.
Ideally, speaker similarity and UTMOS should not be influ-
enced by the intelligibility rating of the speaker, since their
speech is – by definition – perfectly similar and entirely nat-
ural. However, UTMOS is trained to replicate listeners’ ratings
of synthetic speech “naturalness", which is not the same thing
as human-like. Average WER was computed over all the data
for each speaker. We obtained a speaker embedding for each
speaker from 50 speech samples and compared that against all
other samples from that speaker. We obtained a MOS natural-
ness score per speech sample in the fine-tuning dataset.

For the synthesised samples, we performed a similar analy-
sis to the one described above for natural speech. The only dif-
ference was for speaker similarity, where we obtained a speaker
embedding from 50 samples of recordings of natural speech,
then calculated similarity scores for all synthetic samples.

5Although this might have useful applications such as augmenting
data for training an ASR or speaker verification model, for example.

6clarity_CEC2_core.v1_0.tgz from
https://claritychallenge.org/clarity/recipes/cec2/README.html

7In our case, we define expert listening as the subjective evaluation
conducted by the authors.

Figure 2: Average WER (%) for the data used to fine-tune Parler
TTS, broken down by intelligibility rating. Note that each intel-
ligibility rating band has a different number of speakers (see
Figure 1).

Figure 3: UTMOS naturalness scores for the fine-tuning
dataset, broken down by intelligibility rating. The scores were
calculated using the official implementation [28]. Note that
each intelligibility rating band has a different number of speak-
ers (see Figure 1).

5. Results
5.1. Performance of objective measures on recorded speech

Figure 2 shows the average WER for all speakers in the train-
ing set, broken down by intelligibility rating. WER is very low
for the healthy control speakers, but considerably higher for all
speakers in the SAP data. It is, of course, likely that MLS En-
glish (the source of our healthy control speakers) is in the Whis-
per training data. Nevertheless, the results for the SAP speakers
are consistent with the fact that ASR systems perform poorly for
dysarthric speech [29]. This means that the intelligibility rating
included in the Parler prompts for the fine-tuning data does in-
deed correlate with speaker intelligibility, and the model should
therefore respond to this during inference.

Figure 3 shows the distribution of UTMOS scores for the
fine-tuning data, again broken down by intelligibility rating.
UTMOS is evidently highly sensitive to the speech type, giv-
ing low scores to the unseen type: dysarthric speech. Even for
relatively intelligible speakers in the SAP dataset, scores are
generally below 3. UTMOS does not generalise well to this
type of speech. Given this, we cannot use UTMOS as an objec-
tive measure for our synthetic speech. We will rely on expert
listening instead.

Finally, Figure 4 shows the distribution of speaker sim-
ilarity (remembering that these are comparisons of recorded
speech with other examples of recorded speech from the same
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Figure 4: Speaker similarity scores for the fine dataset, broken
down by intelligibility rating. Scores were calculated following
the official implementation of Resemblyzer [27]. Note that each
intelligibility rating band contains a different number of speak-
ers (Figure 1).

Figure 5: Average WER (%) for synthesised speech at different
levels of intelligibility (which is specified as part of the Parler
prompt during inference), for each of the 6 test speakers. (Points
are slightly jittered for better visualisation.)

speaker). Resemblyzer embeddings are robust to this unseen
type of speech (dysarthric). The range of scores for the healthy
controls and for each band of speakers across the different in-
telligibility ratings, are quite similar. This indicates that this
measure should be appropriate for use on our synthetic speech.

5.2. Results from objective measures for synthetic speech

We calculated average WER and speaker similarity scores for
dysarthric speakers (A, B, and C), and healthy control speakers
(D, E, and F).

Figures 5 and 6 show the average WER and speaker simi-
larity for each speaker at different intelligibility ratings. In the
case of WER, we observe very little variation from ratings 5 to
0, with WER generally being around 20-25% for every speaker,
including those from the matched control dataset. Similarly,
speaker similarity scores do not vary much across different in-
telligibility ratings.

5.3. Results from expert listening for synthetic speech

Expert listening revealed that the model is sampling from the
various levels of intelligibility and also from speaker identity,

Figure 6: Same as Figure 5 except for average speaker similar-
ity scores.

even for a fixed prompt that specifies the desired values8. This
output variability explains why Figures 5 and 6 show similar
average WER and speaker similarity across speakers and intel-
ligibility ratings.

Parler, like most state-of-the-art TTS models is generative,
so we must expect some variation in the output. It is there-
fore worth listening to a substantial sample of model output.
When doing so, we do in fact find instances where the synthe-
sised sample sounds similar to the target speaker and has higher
intelligibility than that speaker’s recorded speech (although the
model never fully reconstructs this all the way to what we would
expect in a healthy voice).

6. Discussion and conclusion
Our interpretation of the results is that the model is capable of
voice reconstruction. Currently, the degree of control offered
by the natural language prompt is too weak to provide consis-
tent results during inference. This is probably because of the
way Parler uses this prompt: the entire prompt is embedded by
a pre-trained NLP model, then attended to by the speech lan-
guage model. A more direct form of control, especially for a
categorical label such as speaker, is likely to work better.

The Parler checkpoint that we used was trained not with
speaker identities but just general speaker descriptions like “A
woman is speaking...", in the prompt. It is likely that this is
a limiting factor when fine-tuning this model to generate fixed
speaker identities. Another possibility would be to include more
specific information about the speaker’s dysarthria, beyond the
imprecise consonant assessment that we used in this proof of
concept. SAP includes ratings for harshness, speech monotony,
and so on.

Another limiting factor, common to all work with dysarthric
speech, is the limited amount of data available per speaker, and
the limited number of speakers available. One option here might
be data augmentation: modify healthy speech in the articula-
tory domain to produce speech samples with dysarthric traits,
by utilising acoustic-to-articulatory inversion models [30, 31].
A clear finding of our work is the poor reliability of some tools
used as objective measures, when applied to dysarthric speech.

Finally, there is not yet a standard protocol for evaluat-
ing voice reconstruction. Proper evaluation is only possible in
co-operation with VOCA users, their families and friends, and
speech therapists.

8https://ariadnasc.github.io/parlertts_voice_reconstruction
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