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Abstract

Conventional audiological speech assessments are limited in
their predictive utility, due to the small number of available
stimuli and the restricted communications experiences that they
represent. To enhance the capabilities of audiological speech
assessments, this work evaluates the ability of several text-to-
speech voice cloning models on the task of replicating a
standard UK open-set speech test used clinically. Models are
evaluated using complementary measures of speech perception:
speech intelligibility in background noise, speech quality, and
speaker discrimination, in a large-scale online study (N = 73).
To ensure speech intelligibility measurements are comparable,
the psychometric functions are characterized for each model.
Results indicate models which accurately and consistently
replicate speaker characteristics and produce speech that is
similarly intelligible and natural for audiological speech
assessment.

Index Terms: speech perception, speech intelligibility, speech
quality, speaker identity, speech synthesis, text-to-speech,
voice cloning

1. Introduction

Given the importance of speech for everyday communication,
speech perception is a primary focus of audiological
interventions and  evaluations. Conventional  speech
assessments involve the presentation of speech recordings
followed by the listener’s word recall. Speech assessments must
achieve consistent and well-characterized outcomes, such that
multiple measurements made with the same test method are
accurate, precise, and comparable.

Due to the time and cost required to develop, record, and
calibrate new speech material, speech tests often contain only a
few hundred unique speech utterances, thereby limiting how
many repeated measures, conditions or sessions can be tested
without reusing stimuli. This limits the statistical power and
experimental design of the speech assessment while potentially
introducing confounds due to imbalanced learning and
familiarity effects. Thousands of stimuli would be necessary to
fully mitigate these effects, but this amount of speech material
would possibly require a prohibitive amount of time and cost to
obtain from in-person recordings.

In addition to limitations due to the number of available
stimuli, the predictive utility of these assessments has come
under scrutiny for their lack of relevance to everyday
communication experiences [1, 2] with the assessments
themselves explaining limited variability in patient-reported
measures of functional hearing and quality of life [3-5]. One
shortcoming of existing assessments is the limited diversity of
speakers represented in existing corpora. At best, most speech
corpora contain speech uttered by just a few speakers (and often

only a single speaker), constraining speech perception
assessments to the voicing characteristics of the available
speakers. When constructing new corpora, speaker
characteristics such as linguistic and social identity are largely
overlooked [6]. Speaker characteristics affect speech perception
on a fundamental level: familiarity with a speaker’s accent can
improve comprehension [7-11] and is particularly beneficial to
older adults with hearing loss [12, 13]. Conversely, competing
speech is more disruptive when formed by unfamiliar accented
talkers [14]. Given the resources required to produce speech
materials, patients or experimental participants from
minoritised communities are less likely to be assessed using
speech recordings produced by individuals with a familiar
language, accent, or sociolect [15, 16], despite facing higher
risk and incidence of hearing loss [17-20].

Modern speech synthesis models could address the
limitations of existing audiological speech materials.
Synthesized speech has shown promise for use in speech
assessments, and previous studies have used text-to-speech
systems to reproduce speech assessments involving the recall
of isolated words [21], phrases [22] and sentences in closed-set
[23] and open-set [24] paradigms. These investigations found
high test-retest accuracy for measures obtained with synthetic
speech and good correspondence with psychometric functions
obtained with the original speech assessments, when measuring
speech intelligibility as a function of signal-to-noise ratio
(SNR) or sound level. Although the synthetic speech samples
were altered to match some characteristics (e.g. fundamental
frequency or syllable rate) of the original speaker,
comprehensive differences in the voicing characteristics of the
two speakers under comparison were not accounted for,
confounding the interpretation of the results. These evaluations
also made use of proprietary models, despite the availability of
open-source speech synthesis models. Such proprietary models
are typically incompatible with the objectives of replicable
scientific inquiry, as the models are not only inaccessible and
inscrutable, but may change at any point.

Voice cloning models that can emulate the articulatory
patterns of diverse speakers have recently become available
[e.g., 25-28], although their potential has yet to be harnessed in
an audiological context. Not only could voice cloning models
provide the experimental control needed to evaluate synthetic
audiological assessments, but they could be used to generate
new assessments with improved ecological relevance, for
instance by matching the synthetic speech to the accent or
sociolect most often encountered by the listener. As a proof-of-
concept, this study evaluates the ability of several open-source
text-to-speech voice cloning models to replicate the Bamford-
Kowal-Bench (BKB) sentence lists [29], the current standard
for speech assessment in research and clinical settings in the
UK. To disambiguate the strengths and weaknesses of each
model, models are assessed using three complementary
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measures of speech perception: speech intelligibility, speech
quality, and speaker identity. This study provides first evidence
towards the use of voice cloning in the development of an
audiological assessment, and demonstrates a framework for
evaluating speech synthesis for audiological assessment,
towards improving the ecological relevance and representation
of diverse speakers in audiological assessments.

2. Method

The design and analysis for this study were preregistered.!

2.1. Models

This study evaluated three open-source text-to-speech voice
cloning models: VALL-E X2 [26], XTTSv28 [27], and E2* [28],
selected using an informal evaluation of synthesised speech
quality across a range of speakers. To aid experimental control,
implementation, and assessment, all models were pre-trained
zero-shot models.

2.2. Speech Material

This study assessed replication of the BKB speech corpus [29],
a set of speech materials that is used extensively in the UK to
assess speech outcomes in research and clinical settings. The
BKB corpus is spoken by a male speaker with a Southern
Standard British English accent and contains 270 sentences in
total (18 lists of 15 sentences each). Models were provided with
recordings from lists 1-5 to specify the acoustic characteristics
of the target speaker. Models were then prompted to produce
sentences with equivalent semantic context as lists 6-18, and the
resulting utterances were evaluated in a speech perception
study.

2.3. Participants

Seventy-three participants were recruited through the Prolific
online platform (www.prolific.com). Participants were
excluded from the study if they were not native English
speakers raised in Britain, did not have normal or corrected-to-
normal vision, or had a history of hearing loss, a speech or
language disorder, or a neurological disorder. Each participant
provided informed consent and received reimbursement for
completing the study. This study was approved by the
Cambridge Psychology Research Ethics Committee at the
University of Cambridge.

2.4. Procedure

Participants first set the volume to a comfortable listening level
and then completed a headphone test [30]. Participants then
assessed the intelligibility, quality, and speaker identity of the
speech samples from each speech source in three separate tasks.
The order of tasks was consistent across participants.

2.4.1. Speech intelligibility

Intelligibility was measured as the percentage of words
correctly identified in each sentence. Sentences were presented
in a multi-talker babble noise at nine SNRs: -12, -10, -8, -6, -4,
-2, 0, +2, and +4 dB. The babble noise was comprised of a
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mixture of competing speech from twenty English talkers (8
male, 12 female) and was recorded at Auditec, Inc. (St. Louis,
MO, USA). The SNR was manipulated by varying the level of
the noise relative to the target sentence. Each participant
completed 3 repetitions for each combination of speech source
(VALL-E X, XTTSVv2, E2, and Original) and SNR, totalling
108 trials presented in a random order.

2.4.2. Speech quality

Quality was measured using the MOS-X2 scale, developed for
the assessment of synthetic speech [31]. The scale measures
quality in four dimensions: intelligibility, naturalness, prosody,
and social impression, and the aggregate MOS-X2 score is
obtained by averaging the scores obtained across the four
dimensions. To provide meaningful perceptual anchors, two
additional conditions were included: speech processed by a
vocoder that simulates the electrical current spread that occurs
in a cochlear implant (using a spread of -16 dB/octave, 22
channels, and 80 carriers) [32], and speech generated by a
hidden Markov model-based speech synthesis system °
(Festival) [33]. Participants performed 5 repetitions for each
condition (Vocoded, Festival, VALL-E X, XTTSv2, E2, and
Original), totalling 30 trials presented in a random order.

2.4.3. Speaker identity

Speaker identity was measured using a two-alternative forced
choice speaker discrimination task in which participants were
presented with two consecutive speech samples and asked
whether the samples came from the same speaker or from
different speakers. Seven comparisons were performed across
the speech sources. Samples from each speech source were
compared to samples from the original corpus, to measure
replication of target speaker characteristics (yielding 4
comparisons), and samples from each model were compared to
samples from the same model, to measure the consistency in the
speaker characteristics generated by each model (yielding 3
comparisons).

The speaker identity task was performed twice: once in
quiet and once in degraded listening conditions, to simulate an
everyday listening scenario in which speaker identity may not
be as easily discernible. The degraded condition simulated
information loss due to telecommunications transmission by
convolving the signal with a microphone impulse response,
applying a bandpass filter (lower and upper cut-offs of 300 Hz
and 3 kHz, respectively; implemented using a 6th order
Butterworth filter), convolving with an impulse response of a
telephone horn and combining with speech-shaped noise at +15
dB SNR. Participants performed 5 repetitions for each
comparison in both quiet and degraded listening conditions,
totalling 70 trials. The order of comparisons and repetitions
were randomized throughout the quiet and degraded tasks, with
participants completing the quiet task before the degraded task.

2.5. Analysis

A one-way repeated measures ANOVA was performed to test
for an effect of speech source on each dependent variable. For
analyses where a main effect of source was observed, pairwise
comparisons between sources were performed using post hoc
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paired t-tests with Bonferroni corrections for multiple
comparisons. Significance was tested for at the p < 0.05 level.
For the speech intelligibility task, a logistic function was fit
to the percent correct scores for each participant (averaged over
repetitions within participants) and the resulting threshold (the
SNR at which 50% of words are recalled correctly) and slope
were used as dependent measures. For the speech quality task,
repetitions were averaged within participants and the aggregate
MOS-X2 score was used as a dependent measure. For the
speaker identity task, responses of “same speaker” or “different
speakers” were assigned a score of 1 or 0, respectively,
averaged across repetitions within each participant to obtain the
proportion of same speaker responses for each participant.
Proportions were then transformed using the arcsine
transformation and used as a dependent measure.

3. Results

3.1. Speech intelligibility

Psychometric functions obtained in the speech intelligibility
task are presented in Figure 1. Speech produced by VALL-E X
was generally harder to understand than that produced by the
other models, particularly above -8 dB SNR. XTTSv2 produced
speech that was the most robust to the added babble noise,
followed by the original speech samples and samples produced
by the E2 model.

A significant effect of speech source was observed on both
psychometric function thresholds (F(3,213) = 11.86, p <
0.0001) and slopes (F(3,213) = 3.27, p = 0.038). Post hoc tests
indicated significant differences in the thresholds obtained for
speech from the original corpus and XTTSv2 (t(71) = 3.86, p <
0.001), with an estimated difference in threshold of -0.58 dB,
suggesting that speech produced by XTTSv2 was more easily
understood at lower SNRs. Differences between the thresholds
obtained for the original speech and VALL-E X (of 0.05 dB)
and E2 (of 0.41 dB) were not significant (VALL-E X: t(71) = -
0.02, p = 1.00; E2: t(71) = 2.69, p = 0.053). There were no
significant differences in the slopes of the psychometric
functions obtained with the original corpus and any of the
models (VALL-E X: t(71) = 2.44, p = 0.102; XTTSv2: t(71) =
2.37, p = 0.124; E2: t(71) = 0.68, p = 1.00) indicating that the
precision of the threshold measurement was not impacted.

1F
= zaal threshold: -5.6 threshold: -6.2
33 slope: 0.68 slope: 0.77
® EO06]
(=3
B Oo4f
SR
<02t |
0 VALL-E X XTTSv2 |
1 ;
= ol threshold: -5.2 threshold: -5.6
3% slope: 1.1 slope: 1.32
o £ 06/
(=]
B Oo4t
S 2
= To2f |
0 E2 Original
T 3 1210 8 6 4 2 0 2 4
3308 1 SNR (dB)
& £08 { ——vawex|
g Ooaf 1 XTTSV2
B3 E2
= S0 | Original
0 | ——C"ondl |

1210 8 6 4 2 0 2 4
SNR (dB)

Figure 1: Psychometric functions of word recall by SNR
obtained for each speech source. Logistic functions fit to
individual participant data are plotted with thin lines
while the mean logistic function for each model is plotted
with thick lines.

3.2. Speech quality

Speech quality ratings acquired for each speech source are
presented in Figure 2. Samples produced by XTTSv2 and E2
were rated as being similarly intelligible as the original
samples, although E2 generally earned lower scores than
XTTSv2 on the naturalness, prosody, and social impression
ratings. VALL-E X earned the lowest ratings of the three
models, but outperformed the HMM-based model, Festival, in
ratings of naturalness, prosody, and social impression.
MOS-X2 ratings were lowest for the vocoded condition,
followed by Festival, VALL-E X, E2, XTTSv2, and the original
speaker, with the analysis indicating a significant main effect of
speech source (F(5,360) = 571.36, p < 0.0001). All sources
obtained significantly lower MOS-X2 ratings from those
obtained by the original speech (Original-Vocoded: t(72) =
41.73, p < 0.0001; Original-Festival: t(72) = 13.98, p < 0.0001;
Original-VALL-E X: t(72) = 12.98, p < 0.0001; Original-
XTTSv2: t(72) = 3.82, p < 0.001; Original-E2: t(72) = 8.08, p
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Figure 2: Speech quality ratings obtained across speech sources, for the aggregate MOS-X2, and the individual ratings of
intelligibility, prosody, naturalness, and social impression. Boxplots display the median, and upper and lower quartiles, with
outliers indicated by circular markers.
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< 0.0001), suggesting that participants were able to discern the
qualitative differences between utterances from the original
corpus and the different sources.

3.3. Speaker identity

Scores obtained for the speaker identity task are presented in
Figure 3. For replication of the BKB speaker characteristics,
there was a significant effect of speech source on the proportion
of trials in which participants indicated that the speech sample
was spoken by the original BKB speaker, both in quiet
(F(3,216) = 135.9, p < 0.0001) and degraded (F(3,216) = 67.35,
p < 0.0001) listening conditions. In quiet, pairwise comparisons
indicated that VALL-E X and XTTSv2 received fewer “same
speaker” responses When presented with samples from the
original speaker, when compared to the proportion of “same
speaker” responses received when two samples from the
original speaker were compared (Original-VALL-E X: t(72) =
18.23, p < 0.0001; Original-XTTSv2: t(72) = 13.12, p <
0.0001). In contrast, E2 received a higher proportion of “same
speaker” responses when presented with a sample from the
original speaker, compared to the proportion of “same speaker”
responses received by the original speaker samples (Original-
E2: t(72) = -5.96, p < 0.0001), indicating that samples from the
E2 model were perceived as more similar to the original
samples than the original samples themselves. In degraded
conditions, the trends across models remained (Original-
VALL-E X: 1(72) = 12.98, p < 0.0001; Original-XTTSv2: t(72)
=7.48, p < 0.0001) but the significant difference between E2
and the original samples was resolved by the more challenging
listening condition (Original-E2: t(72) = -2.55, p = 0.078).

For the consistency in the voice generated by each model,
there was again a main effect of model both in quiet (F(2,144)
= 69.82, p < 0.0001) and degraded (F(2,144) = 63.07, p <
0.0001) listening conditions. Pairwise comparisons indicated
that E2 achieved greater consistency than XTTSv2 and VALL-
E X both in quiet (E2-XTTSVv2: t(72) = 4.90, p < 0.0001; E2-
VALL-E X: t(72) = 12.67, p < 0.0001) and degraded (E2-
XTTSv2: t(72) = 3.03, p = 0.01; E2-VALL-E X: t(72) = 11.61,
p < 0.0001) conditions. XTTSv2 also achieved greater
consistency than VALL-E X in quiet (XTTSv2-VALL-E X:
t(72) = 5.73, p < 0.0001) and degraded (XTTSv2-VALL-E X:
t(72) = 8.19, p < 0.0001) conditions. Taken together, these
results indicate that the models reproduce the speaker
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characteristics of the original BKB corpus to varying degrees,
with some models producing speech samples from a distinct yet
consistent vocal identity.

4. Discussion

This study evaluated three text-to-speech models (VALL-E X,
XTTSv2, and E2) on the task of replicating the BKB speech
corpus, and found that each model demonstrated different
strengths and shortcomings in reproducing speech outcomes
obtained with the target speech material.

Psychometric functions obtained with speech produced by
VALL-E X demonstrated comparable thresholds and slopes to
those obtained with the original corpus, although deviations of
the psychometric function above -6 dB SNR were noted.
Speech perception at moderately low to high SNRs is
particularly pertinent to hearing impaired listeners, calling into
question the use of VALL-E X-produced speech in assessments
relevant to this population. Poor speech intelligibility at these
SNRs may have been due to variability in the acoustic and
linguistic quality of the generated speech material, as indicated
by low speech quality and model consistency scores, and would
suggests poor test-retest reliability if deployed in an
audiological assessment.

In contrast, X TTSv2 consistently produced speech that was
more intelligible than speech produced by the other models, as
indicated by significantly lower thresholds of the psychometric
functions obtained with XTTSv2. XTTSv2 also earned the
highest speech quality ratings of all models under test and high
scores for model consistency. These outcomes suggest that the
voice produced by XTTSv2 was not only natural and
intelligible but conferred a consistent speaker identity.
XTTSVv2’s primary limitation was its inability to reproduce the
speaker characteristics of the original speaker, as evidenced by
significantly lower scores on the speaker replication task than
those obtained with the original speech.

Psychometric functions obtained with E2 were comparable
to those obtained with the original corpus, providing sufficient
measurement precision for audiological assessment. Although
E2 earned lower quality ratings than the original corpus, it
produced a highly consistent vocal identity that was often rated
as being more similar to the original speaker than the original
speaker himself. These outcomes suggest that E2 could be used
to extend the capabilities of the BKB corpus and generate new
corpora containing speech from a diverse and representative
sample of speakers, enhancing the predictive utility of
audiological assessments. Towards this end, the speaker
replication fidelity of E2 must still be rigorously evaluated with
speakers with a wide range of accents and speaking styles.

5. Conclusions

Several voice cloning text-to-speech models were evaluated on
their ability to reproduce the speech perception outcomes and
speaker characteristics of the BKB speech corpus. Measures
included speech intelligibility in noise, speech quality, and
speaker discrimination. While models were able to replicate the
psychometric functions obtained with the original speech
corpus, differences in models arose in the quality of the speech
produced, the consistency of the voice generated by each
model, and the fidelity with which the voicing characteristics of
the original speaker were reproduced. Models were identified
that can produce speech suitable for audiological testing, with
implications for the development of synthetic audiological
speech materials that represent a range of lived experiences.
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